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Nucleus detection in histology images is a fundamental step for cellular-level analysis in computational
pathology. In clinical practice, quantitative nuclear morphology can be used for diagnostic decision mak-
ing, prognostic stratification, and treatment outcome prediction. Nucleus detection is a challenging task
because of large variations in the shape of different types of nucleus such as nuclear clutter, heteroge-
neous chromatin distribution, and irregular and fuzzy boundaries. To address these challenges, we aim
MSC: to accurately detect nuclei using spatially constrained context-aware correlation filters using hierarchical

41A05 deep features extracted from multiple layers of a pre-trained network. During training, we extract con-
41A10 textual patches around each nucleus which are used as negative examples while the actual nucleus patch
65D05 is used as a positive example. In order to spatially constrain the correlation filters, we propose to con-
65D17 struct a spatial structural graph across different nucleus components encoding pairwise similarities. The
Keywords: correlation filters are constrained to act as eigenvectors of the Laplacian of the spatial graphs enforcing

these to capture the nucleus structure. A novel objective function is proposed by embedding graph-based
structural information as well as the contextual information within the discriminative correlation filter
framework. The learned filters are constrained to be orthogonal to both the contextual patches and the
spatial graph-Laplacian basis to improve the localization and discriminative performance. The proposed
objective function trains a hierarchy of correlation filters on different deep feature layers to capture the
heterogeneity in nuclear shape and texture. The proposed algorithm is evaluated on three publicly avail-
able datasets and compared with 15 current state-of-the-art methods demonstrating competitive perfor-
mance in terms of accuracy, speed, and generalization.
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1. Introduction sess the degree of malignancy in the tumor microenvironment

(Gurcan et al. (2009)). Automatic detection of nuclei can serve

Nucleus detection in cancer Whole Slide Images (WSIs) stained
with Hematoxylin and Eosin (H&E) dyes is a fundamental step in
computational pathology (Javed et al. (2020c); Hu et al. (2009);
Lucchinetti et al. (2011); Bui et al. (2019); Dunne and Going (2001);
Javed et al. (2019, 2018a)). In clinical practice, manual analysis
of individual nuclei is a laborious task, and it also suffers from
inter-observer and intra-observer variability (Andrion et al. (1995);
Lopez et al. (2012)). Pathologists often use nuclear features to as-
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as a useful tool for downstream analysis to make better de-
cisions in cancer diagnosis, prognostication, and therapy plan-
ning (Javed et al. (2020d); Demir and Yener (0000); Xing and
Yang (2016); Veta et al. (2014); Gurcan et al. (2009)). However, nu-
cleus detection is a challenging task because of the nuclear clutter
and diverse nuclear morphology such as varying chromatic texture,
shape, and size (Gurcan et al. (2009); Xing and Yang (2016)). More-
over, computational challenges also arise because WSIs are multi-
gigapixel images or three-dimensional arrays stored in a multi-
resolution format, and may contain billions of pixels at the highest
resolution. For example, the WSI in Fig. 1(a) at the highest mag-
nification level (40x) has the dimensions of 90Kx44K pixels and
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Fig. 1. An example of multi-gigapixel whole slide image of colorectal cancer and the results of the proposed algorithm for nucleus detection compared with current state-
of-the-art SC-CNN method (Sirinukunwattana et al. (2016)) under varying nuclear shape, morphology, texture, and clutteredness. For better visualization of cluttered nuclei
and complex tumor epithelial, regions of interest are enlarged in the black boxes with nuclei ground truth locations and detection results. The detected nuclei are marked
by black dots, while the ground truth nuclei are represented as thicker cyan dots for visualization purposes.

contains tens of thousands of cell nuclei. Fig. 1 also shows the re-
sults of nucleus detection by our proposed algorithm and the state-
of-the-art SC-CNN method (Sirinukunwattana et al. (2016)) under
varying nuclear shape, size, texture, and clutter.

In the past few years, a number of potential methods have
been reported for automatic detection of the nucleus in the
literature such as (Hofener et al. (2018); Shi et al. (2018);
Xing and Yang (2016); Gurcan et al. (2009); Veta et al. (2014);
Demir and Yener (0000); Xue and Ray (2017); Su et al. (2016);
Ahmad et al. (2018); Xing et al. (2019); Koohababni et al. (2018);
Graham et al. (2019); Sirinukunwattana et al. (2016);
Xie et al. (2018)). A few challenging datasets for different
cancer tissue types have also been made available for nucleus
detection and classification (Sirinukunwattana et al. (2016);
Graham et al. (2019); Su et al. (2016)). Interested readers
are encouraged to explore more details for nucleus detection
in recent surveys (Su et al. (2016); Xing and Yang (2016);
Gurcan et al. (2009); Veta et al. (2014); Demir and Yener (0000);
Irshad et al. (2013)).

The existing nucleus detection methods (Xing and Yang (2016))
can be categorized into classical machine learning methods
(Adiga et al. (2006); Yan et al. (2008); Su et al. (2014);
Sommer et al. (2012)) and recent deep learning meth-

ods (Sirinukunwattana et al. (2016); Graham et al. (2019);
Su et al. (2016)). In classical machine learning methods, hand-
crafted features such as intensity and histogram are used with
support vector machines and random decision forest classifiers to
estimate the nuclear probability map. Adiga et al. used distance
transform function for nucleus detection in breast cancer histol-
ogy images (Adiga et al. (2006)). Yan et al. also used Euclidean
distance transform to identify nucleus for watershed segmentation
in fluorescence images (Yan et al. (2008)). Li et al. used intensity
features in the distance map and then Gaussian filter for noise
suppression (Li et al. (2009)). Despite the improvements, distance
transform-based methods do not work well for densely clustered
nuclei. Supervised learning methods have also been proposed to
address the complex rich heterogeneous nature of histopathology
images (Su et al. (2014); Sommer et al. (2012)). These methods
usually train binary classifiers to reduce false detection. Some
classical methods also assume individual nucleus as round or
circular objects. This assumption does not hold in cases involving
elongated and irregularly shaped nuclei (Xing and Yang (2016)).
The deep learning methods (Xie et al. (2018);
Sirinukunwattana et al. (2016); Graham et al. (2019);
Koohababni et al. (2018); Xing et al. (2019)) train an end-to-end
convolutional neural network for generating nuclear probability
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maps. These networks are invariant to nuclear size, texture, and
morphology. Xing et al. proposed three different deep convolu-
tional neural networks (CNNs) models for brain tumor, pancreatic,
and breast cancer histology images for the purpose of nucleus
detection (Xing et al. (2015)). Xie et al proposed structured
regression-based CNN which generates proximity patch with
fast scanning strategy for nucleus detection (Xie et al. (2015)).
Sirinukuwattana et al. proposed locality sensitive deep learning
approach for nucleus detection (Sirinukunwattana et al. (2016)).
In their approach, a spatially constrained CNN is employed to
generate a probability map for a given input image using a sliding
window strategy. Recently, Graham et al. proposed a deep CNN
model for simultaneous segmentation and classification of the nu-
cleus (Graham et al. (2019)). While deep learning-based methods
perform well, they often struggle with the detection of cluttered
nuclei which are quite common in the tumor microenvironment.
Besides, when trained CNN models are applied to test data in a
sliding window manner, processing large-scale images become
computationally expensive. In general, deep learning methods
require a large amount of training data which may not always be
available. Moreover, deep learning approaches are resource-hungry
requiring expensive computational systems (Xing and Yang (2016)).

In this work, we propose a nucleus detection algorithm us-
ing correlation filters which have been previously employed
for visual object tracking application (Bolme et al. (2010);
Henriques et al. (2014); Fiaz et al. (2019)). Compared to the end-
to-end deep learning, the correlation filters are computationally
effective and require a significantly less amount of training data
(Henriques et al. (2014)). The correlation filters are also flexible
and can detect complex and irregular-shaped nuclei without re-
quiring handcrafted features.

In the current work, we formulate the nucleus detection prob-
lem as learning a set of robust and nucleus-specific correlation fil-
ters which have not been previously thoroughly investigated for
such tasks. In the proposed algorithm, a set of training nuclei
patches are cropped from histology images and 2-D Gaussian-
shape response maps are considered as the ground truth nuclei
regression targets. We aim to learn filters such that the maximum
response is obtained when convolved with a nucleus region by
solving a ridge regression problem. Nuclei in the test patches are
then detected by a circular convolution operation which is imple-
mented using Fast Fourier Transform (FFT) (Bolme et al. (2010);
Henriques et al. (2014)). The performance of correlation filters may
degrade because of the wide variations in the nuclear shape, tex-
ture, and morphology. To address these challenges, we propose
to train correlation filters on multiple layers of deep features us-
ing a pre-trained VGG-19 model on a large-scale tissue images
dataset (Kather et al. (2019)). We also propose the correlation fil-
ters to be learned in a structure-aware manner by constructing a
graph across different nucleus components. The correlation filters
are constrained to be eigenvectors of the Laplacian of the nuclei
structure graph. Also, in order to improve the localization, we pro-
pose the correlation filter to be context-aware because the contex-
tual information improves the discriminative ability of the filter.

Benefiting from the high generalizability of CNNs as feature ex-
tractors (Sharif Razavian et al. (2014)), correlation filters trained
on features extracted from multiple layers of CNN are effective in
capturing nuclear semantics as well as localization. Deep layers of
CNNs are more effective to capture semantics; however, they are
not ideal for capturing fine-grained spatial details required for nu-
cleus localization. On the contrary, shallow layers are precise in lo-
calization but do not capture nuclear semantic information. There-
fore, training correlation filters on both shallow and deep CNN lay-
ers is important to capture both nuclear semantics and localization.

In addition to directly utilizing deep features, we also pro-
pose to construct nuclear structure graphs using deep features
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at multiple levels. These graphs encode the pairwise similarity
among different nuclear components thus enriching multiple lev-
els of information to handle nuclear shape and texture variations.
Using these graphs, we compute Laplacian matrices which have
previously been used for graph partitioning, subspace-based data
clustering, visual tracking, and moving object segmentation tasks
(Yin et al. (2015); Javed et al. (2017, 2016, 2018b, 2020b, 2020a);
Giraldo et al. (2020)). We constrain the correlation filters to be or-
thogonal to the Laplacian basis to better discriminate different nu-
clear components from the non-nuclear regions and also to discern
each nucleus from the remaining nuclei in case of clutter. Such a
synergy nurtures the proposed correlation filters with robustness
to nuclear size, texture, and morphological variations while en-
hancing their localization capacity. Another limitation of correla-
tion filters is the undesired boundary effects caused by the circular
shifts of the training patches which may lead to degraded perfor-
mance (Ahmad et al. (2018)). To address this problem, we propose
to exploit local contextual information in the learning phase. The
motivation here is that the surroundings of the nuclei can enhance
the detection performance, especially if there is a non-nuclear re-
gion. The correlation filters are also constrained to be orthogonal to
the contextual basis to better differentiate nuclear and non-nuclear
regions.

Our proposed algorithm, dubbed as Spatially Constrained
Context-aware hierarchical Deep Correlation Filters (SCC-DCF) for
nucleus detection, is tested on three publicly available datasets in-
cluding two colon cancer histology datasets CRCHistoPhenotypes
(Sirinukunwattana et al. (2016)) and CoNSeP (Graham et al. (2019))
and a third multi-organ histology images PanNuke dataset
(Gamper et al. (2020)). Our proposed algorithm is compared with
15 existing state-of-the-art methods and demonstrated superior
performance. Following are the main contributions of this work:

The correlation filters have not been thoroughly investigated
for nucleus detection in computational pathology; we fill this
research gap and demonstrate the strength of the correlation
filters in terms of both accuracy and computational complex-
ity. We also demonstrate the favorable performance of the pro-
posed algorithm by using less training data.

We propose to use deep features hierarchy and train a set of
correlation filters which improves the nucleus detection perfor-
mance as compared to classical color or stain features used in
previous studies.

In order to ensure the correlation filter to be structure-aware,
we propose a spatial graph encoding pairwise similarities of
nuclei different components. The filter is constrained to be or-
thogonal to the Laplacian basis of this spatial graph to address
the unwanted boundary effects.

We also incorporate local contextual information in the correla-
tion filters which are encoded by selecting neighboring patches
around each nucleus to improve nuclear localization.

We proposed a novel objective function by incorporating struc-
tural constraints and the contextual information of each nu-
cleus into the discriminative correlation filters framework. The
objective function is solved using Alternating Direction Meth-
ods of Multiplier (ADMM) with a closed-form solution to each
sub-problem.

The rest of the paper is organized as follows: Section 2 presents
related work, Section 3 describes the main steps of our proposed
algorithm, Section 4 presents experimental evaluations while the
conclusion and future directions are provided in Section 5.

2. Literature review

Over the past few years, several methods have been proposed
for nucleus detection in routine H&E histology images (Xing and
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Yang (2016); Irshad et al. (2013)). In classical machine learning
methods, Difference of Gaussian (DoG) (Cosatto et al. (2008)),
Laplacian of Gaussian (LoG) (Byun et al. (2006)), Marker-based
watershed approaches (Grau et al. (2004); Yang et al. (2006)),
H-minima (Cheng et al. (2008)), Morphological operation-based
methods (Park et al. (2012); Yang et al. (2006)), Maximally Stable
Extremal Region (MSER) (Matas et al. (2004)), Radial Symmetry-
based Voting Methods (Xing et al. (2013); Qi et al. (2011)), and su-
pervised learning based on support vector machines and Random
Decision Forest (RDF) classifiers (Mao et al. (2006)) have attracted
significant attention.

Cosatto et al. proposed difference of Gaussian (DoG) fol-
lowed by Hough transform to find radially symmetrical shapes
(Cosatto et al. (2008)). However, this method demonstrated de-
graded performance in the case of clustered nuclei. To ad-
dress this issue, Byun et al. employed Laplacian of Gaussian
(LoG) filter in which nuclear size is known a priori on reti-
nal images (Byun et al. (2006)). The scale-normalized LoG fil-
ter was used to detect cells on phase-contrast microscopy images
(Lindeberg (1998)). However, these methods also failed in clut-
terred nuclei which exhibit weak boundaries. To tackle this is-
sue, Al-Kofahi et al. have introduced a multi-scale LoG filter con-
strained by a Euclidean distance map (Al-Kofahi et al. (2009)).
LoG-based methods are usually sensitive to large variations in nu-
clear size and the absence of clear nucleus boundaries (Xing and
Yang (2016)). In order to handle nuclei clutteredness challenges,
marker-based watershed approaches are widely utilized to locate
and split close-by nucleus (Grau et al. (2004); Yang et al. (2006)).
For instance, a variant of marker-controlled watershed segmenta-
tion using H-minima transform of nuclear shape is investigated
(Jung and Kim (2010)). Although, H-minima based methods aim to
reduce the false detection, they provide only limited robustness to
a nucleus with heterogeneous texture.

Binary morphological filtering-based methods with a certain
structuring element are also employed for nucleus detection
(Park et al. (2012); Yang et al. (2006)). Park et al. have proposed
an improved erosion operation that exploits a noise-robust mea-
surement of convexity as the stopping criterion (Park et al. (2012)).
Yuan et al. proposed to segment all nuclei with the help of thresh-
olding, followed by morphological operation, distance transform,
and watershed segmentation (Yang et al. (2006)). The centroids
of the individual segmented nuclei were used as the detected
points. However, these methods may not work well on a nucleus
with heterogeneous intensity and cluttered background. To han-
dle these issues, Maximally Stable Extremal Region (MSER) detec-
tor is also used to locate the nucleus (Matas et al. (2004)). By
assuming that cells are approximately circular or elliptical, Parvin
et al. introduced a kernel-based radial voting method to iteratively
localize nucleus, which is relatively insensitive to image noise
(Parvin et al. (2007)). Several other radial voting-based methods
were also presented for automatic nucleus detection in pathology
images (Xing et al. (2013); Qi et al. (2011)).

Supervised methods have also been proposed in the literature
to solve the binary classification problem. Mao et al. have proposed
a supervised learning approach for nucleus detection and segmen-
tation in bladder cancer images (Mao et al. (2006)). A supervised
learning method has also been proposed for mitotic cell detec-
tion in breast cancer images (Sommer et al. (2012)). A key limi-
tation of these approaches is the lack of feature relevance for nu-
cleus detection and the reduced capacity to accommodate a broad
spectrum of nuclear shape, color, and texture variations remains
limited.

Deep learning methods have recently become very popu-
lar to perform nucleus detection in histology images, because
of their ability to perform feature discovery and generaliza-
tion model (Xie et al. (2018); Sirinukunwattana et al. (2016);
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Graham et al. (2019); Koohababni et al. (2018); Xing et al. (2019)).
Cruz et al. showed that a deep learning architecture outperforms
methods based on handcrafted features (Cruz-Roa et al. (2013)).
Ciregan et al. used Deep CNN for automatic detection of mitotic
cells in breast cancer histology images (Ciresan et al. (2013)). Xie
et al. proposed a structural regression model for CNN, where a nu-
cleus center is detected if it has the maximum value in the prox-
imity map (Xie et al. (2015)). Xu et al. proposed a stacked sparse
autoencoder, where it learns high-level features of a nucleus cen-
troid and then a softmax classifier is used to separate nucleus
and non-nucleus image patches (Xu et al. (2014)). Sirinukunwat-
tana et al. proposed SC-CNN method uses a regression approach
to find the likelihood of a pixel being the center of a nucleus
(Sirinukunwattana et al. (2016)). The probability values are topo-
logically constrained in a way that in the vicinity of nucleus cen-
ter the probability is higher. In (Xing et al. (2016)), a combination
of CNNs for nucleus segmentation and a dictionary learning tech-
nique is proposed for refining segmentation. Hou et al. proposed a
sparse convolutional autoencoder for simultaneous nucleus detec-
tion and feature extraction (Hou et al. (2019)). In their method, the
detection is based on a fairly deep network of 15 layers compris-
ing of multiple CNN branches that perform detection, segmenta-
tion, and image reconstruction. Koohababni et al. proposed mix-
ture density networks in CRC WSIs (Koohababni et al. (2018)).
Xie et al. proposed a multi-task learning method based on deep
CNN encoder-decoder module (Xie et al. (2018)). Nucleus segmen-
tation approaches are also proposed for nucleus centroid detection,
but these methods require precisely annotated nucleus boundary
(Graham et al. (2019)). Similarly, other segmentation methods such
as NODE (Pinckaers and Litjens (2019)) can also be adapted to
segment the nucleus instead of glandular structure segmentation.
More recently, Tofighi et al. proposed shape prior deep networks
for nucleus detection (Tofighi et al. (2019)).

Existing deep learning approaches for nucleus detection are
promising; however, they require a significant amount of training
data and expensive computational platforms to cater to the high
computational requirements. In contrast, our goal here is to pro-
pose an algorithm that can be trained using much smaller train-
ing datasets that can be executed on typical desktop machines.
The proposed SCC-DCF algorithm is a hybrid approach combin-
ing both classical correlation filters with deep features as well
as graph-based structural constraints and nucleus contextual in-
formation to get the improved nucleus detection performance.
To the best of our knowledge, such an algorithm has not been
previously proposed for nucleus detection problem in histology
images.

3. The proposed method

A block diagram of the proposed Spatially Constrained Context-
aware Deep Correlation Filter (SCC-DCF) algorithm for nucleus de-
tection is shown in Fig. 2. The main components of the proposed
algorithm consist of pre-processing steps, deep features extraction,
spatial graph construction, and training a set of robust correlation
filters across different convolutional layers. In the first step, we
crop a set of m x m nuclei patches from the training histology im-
ages where each nucleus is kept at the center of the patch. We also
extract k contextual patches of the same size around each nucleus
containing 50% overlap with a nucleus patch and 50% contextual
information. These patches are selected in the same way for all
nuclei covering k neighboring regions to reduce unwanted bound-
ary effects during the correlation filter learning. In the second step,
we input these training nuclei patches into the VGG-19 network
for deep features extraction. We use a pre-trained model which is
trained on a 100K tissue images dataset (Kather et al. (2019)) and
we extract deep features from each of the five convolutional lay-
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Fig. 2. Schematic illustration of our proposed SCC-DCF algorithm for nucleus detection in histology images. Steps (a)-(g) in red color show the training pipeline. Step (a)
shows input whole slide image of colorectal cancer from CRCHistoPhenotypes dataset (Sirinukunwattana et al. (2016)). Step (b) shows training histology image with ground
truth nuclei locations at 20x magnification level. Step (c) shows training nuclei patches of size 31 x 31 pixels where each nucleus is kept at the center. Step (d) shows

contextual patches around j-th nucleus patch. Step (e) shows the deep features extraction of j-th nucleus using pre-trained VGG-19 model (Kather et al.
) represents the objective function minimization and learning optimal correlation filters for each
) in blue color show the testing pipeline where the learnt correlation filters are convolved on the test histology image and maximum response is computed

shows the construction of spatial graph at each features hierarchy. Step (g
layer. Steps (h)-(m

(2019)). Step (f)

for all layers for nucleus detection. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

ers. In the third step, we compute the spatial structure graph by
computing pairwise distances among different nuclei components
using deep features. At each level of the hierarchy, a different spa-
tial graph is constructed to capture the nucleus structure at that
particular level. In the fourth step, we train a set of correlation
filters on the deep features and enforce these filters to be orthog-
onal to the Laplacian basis of the spatial graph as well as to the
contextual basis. A novel objective function is formulated incorpo-
rating multiple layers of deep features, and the information con-
tained in the spatial graphs as well as contextual patches around
each nucleus. This objective function is solved using the ADMM
method with a closed-form solution. In the testing stage, we first
extract the deep features from a test image followed by convolv-
ing the set of trained correlation filters. We compute the response
of each filter on the corresponding deep feature of the test image
and select the response with maximum amplitude where the peak
of the filter shows the potential nucleus location. In the following
subsections, we describe each component of the proposed SCC-DCF
algorithm in more detail.

3.1. Pre-Processing steps

The hematoxylin dye is basic in nature and binds to the acidic
DNA or RNA in the nucleus during the staining process. Therefore,
most of the nucleus detection methods are designed by process-
ing the hematoxylin channel only. We also extract the hematoxylin
channel from the training and testing images using a color decon-
volution method (Ruifrok et al. (2001)). In addition, the log trans-
formation is applied to suppress the noise. The pixel values are
then normalized to have a zero mean and unit variance for consis-
tent intensity. These input images are zero-padded and multiplied
by a cosine window to address the border effects of the convolu-
tion.

3.2. Deep feature extraction
We input the nuclei patches extracted from pre-processed

training images and the contextual patches to the VGG-19 network
for deep features extraction. We employ a VGG model which is

trained for tissue classification (Kather et al. (2019)) and we ex-
tract deep features from each of the five convolutional layers. The
earlier convolutional layers include features from convi-2, conv2-2,
and conv3-4, while later convolutional layers consist of conv4-4 and
conv5-5. The use of convolutional feature maps helps to encode the
varying nuclear shapes and texture appearances (Fig. 2(e)). As the
data propagates along with CNN, the semantic discrimination be-
tween different nuclei categories becomes strong, and the spatial
resolution gradually reduces which helps in capturing coarse as
well as fine information for nucleus localization. The pooling oper-
ations in the VGG-network result in the gradual reduction of spa-
tial resolution with the increasing depth of the convolutional lay-
ers. However, low spatial resolution is insufficient for the accurate
localization of the nucleus. We address this issue by resizing each
feature map to the same size as the input image size of n=m xm
pixels with bilinear interpolation and create input features matrix
X; e R™4, where d is the number of channels at the [-th level in
the hierarchy. Since we have N number of nuclei, therefore, we
concatenate X; matrices into a global data matrix M; ¢ R™*(Nxd)
such that a row in this matrix is a concatenation of the corre-
sponding nucleus locations across all nuclei. The deep features vi-
sualization is shown in Fig. (2 (e)).

3.3. Proposed SCC-DCF formulation

Our aim is to learn a discriminative nucleus detection filter that
can be applied to the test histology images to infer the locations of
the nuclei. The correlation filter allows for dense sampling around
the nucleus at a low computational cost. This is achieved by mod-
eling all possible translations of the nucleus within a patch as
cyclic shifts (Henriques et al. (2014)) as shown in Fig. 3 We con-
catenate all the cyclic shifts of X, into a data matrix Al ¢ Rnxnxd
resulting in circulant structure of this matrix. Such a structure fa-
cilitates a very efficient solution. If we multiply such a matrix with
a filter w in vectorized form, it is equivalent to convolving the nu-
cleus by that filter in the spatial domain. Let y € R" be the regres-
sion target which is a vectorized image of a 2D Gaussian label.

Our aim is to learn a multi-channel filter wf e R" for the I-
th layer by using the following ridge regression problem in the
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Fourier domain (Hamed et al. (2013)) as:

argmin z—z(HZA w1+ 3 W), (1)
whwh,-., i= i=1
where A’ e R™™M contains all circulant shifts of the i-th channel

of the j- th nucleus feature map at [-th layer. A; is a regularization
parameter and N is the total number of training nuclei patches.
The objective function in Eq. (1) is convex and has a unique global
minimum. By taking gradient with respect to w! and equating to
zero leads to a closed-form solution for the filter. For the sake of
simplicity, we ignore the superscript | and we consider A; ; and w
for a particular layer.

In order to reduce the boundary effects of correlation filters, we
introduce contextual information in the objective function defined
by Eq. (1). For each vectorized nucleus patch a;, we extract r con-
textual patches c;;, where 1 <k <r, covering 50% nucleus patch
and 50% contextual information. The contextual information con-
sists of the pixels outside the current nuclei patch. These pixels
mainly contain non-nuclei regions however they may also contain
parts of the other nuclei. The regression target labels are selected
as zero for these contextual patches. This is because our aim is to
enforce the correlation filter to generate a very low response on
the contextual information of the nucleus and generate a high re-
sponse on the nucleus itself. The same circulant shift operations
are applied on each nucleus patch a; as well as its contextual
patches c; to get C; ., where 1 < i < d. The objective function de-
fined by Eq. (1) incorporating contextual information can then be
formulated as follows:

ZNZ ||ZA,,wl yil?

argmm
Wi, W;,-

23S IC Wl P+ Z||w,||2

k=1 i=1

(2)

where in the second term minimizing ||C; ]-ykw,»||2 means that filter
w; is enforced to be orthogonal to the contextual patches C; j . It is
because while computing matrix-vector multiplication, inner prod-
ucts are computed between the rows of C; j, and w;. Each row of
Ci jk is a circulant shifted version of the contextual patch there-
fore minimization of ||C,‘_j1,<w,-||2 enforces w; to be close to being
orthogonal to each shifted version of the contextual patch. In or-
der to make the correlation filter to be nucleus structure-aware, we

propose to construct a spatial graph across different components of
the nucleus. Since, the Laplacian matrix of this graph encodes the
nucleus structure, therefore; we constrained the correlation filter
to be orthogonal to these Laplacian basis. The proposed SCC-DCF
objective function is formulated as follows:

1
argmin =— A; jw;
JTE o (||Z wi =yl
+AZZZ||C1]le||2>+* (3)
k=1 i=1

where B is the Laplacian basis of the spatial graph constructed
across all deep feature channels and it encodes the spatial nucleus
structure. In the following sub-sections, we provide more details of
the graph construction and objective function.

3.4. Spatial graph regularization

For each level of the hierarchy, the deep features are com-
puted using a deep neural network and a different spatial graph
G, is computed capturing the nuclear appearance variations at that
level.

Let G, = (V|,Z,) be an undirected weighted spatial graph at I-th
level, where V; and Z; are the vertices and the edge weighted adja-
cency matrices. Vertex V;(i) € R™¢ contains feature values for the
i-th nucleus across d channels which is represented as a row vec-
tor in the features matrix M. Since, the correlation filter preserves
the nucleus structure on the Riemann manifold (Yin et al. (2015)),
therefore; the spatial nucleus structure ensures that if two nodes
V, (i) and V;(j) are close in a data manifold then there correspond-
ing filter coefficients should also be close. We consider spatial
closeness among the nuclei feature maps, encoded, in the graph
G, using k-nearest neighbor method (Muja and Lowe (2014)). First,
we search for the closest neighbors for all the rows in the features
matrix M; based on the Euclidean distance, where each vertex is
connected to its k-nearest neighbors, so that if V(i) and V,(j) are
in the k-nearest neighbors of each other, we set:

P V, ())-V, (j)]|?
Z(i. j) = eXp<*7" ,(1)203,(])”2),

where o5 is a smoothing parameter and its value is the aver-
age distance among the vertices in G,. If two vertices V,(i) and
V,(j) are within the k-nearest neighbors then they are connected:

(4)
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Z(i, j) > 0, otherwise, Z (i, j) = 0. The normalized Laplacian matrix
L, is computed using the weighted adjacency matrix Z; as:

L=I-D?ZD 2, (5)

where D € R™" is the degree matrix with its i-th diagonal element
being equal to the sum of the i-th row of Z; and I € R™" is the
identity matrix. The eigenvectors of L; act as Laplacian basis which
encodes the nuclei structural information captured by the graph
G,. To enforce the correlation filter to be structure-aware, we con-
strained w; to act as the eigenvector of L;. For this purpose, we
generalize the eigenvalue problem w,TL,w,- to be minimized inde-
pendently for each channel as:

d

The matrix L; can also be symmetrically decomposed as:
L =PXP = (Z:P")"T:P" =B/B, (7)
where P € R™" is orthonormal matrix with each column being an

eigenvector of L;, and ¥ € R™" is a diagonal matrix with its diag-
onal element ¥; being a singular value of L; (sorted as 0 < ¥;; <

-+ Xpn). The matrix By = X2 1P is computed using all eigenvectors
of L;. It may be considered as a combination of the scaled basis of
the graph-Laplacian matrix L; and thus defining a manifold struc-
ture of the nucleus. Substituting L, = BITB, in Eq. (6), we get:

d d
=Y w/B/Bw; =) |Bw. (8)
i=1 i=1
The spatial structural constraint above can be interpreted as en-
forcing correlation filter w; in each channel to be orthogonal to
the eigenvectors of L;. Assuming that the manifold spanned by the
non-nuclei patches is different from the manifold spanned by the
nuclei patches, therefore, such a correlation filter will be able to
better discriminate the nucleus from the non-nucleus region re-
sulting in performance improvement.

3.5. SCC-DCF Optimization

We optimize SCC-DCF model (3) using ADMM method by solv-
ing one variable and fixing others (Boyd et al. (2011)). We first in-
troduce two auxiliary variables as p = w and a spatial filter q = w
to make the objective function separable. The constrained opti-
mization problem in Lagrangian form is given by

1 N d
L(wv P h! q, f) = m Z <|| ZAi,jwi - Y||2

j=1 i=1

d
+MZZ||Q;1<P:||2) 1Z||qu||2
i=1

1i=1
4 2., 7Y d 2
+§Z||Wi—l’i+hi|| +§Z||Wi—ql'+fi|| :

i=1 i=1
9)

where f and h are auxilliary variables. Each sub-problem w, p, q, f,
and h can then be solved efficiently using ADMM.

Solving Sub-problem w: By fixing other variables in (9) exclud-
ing w, the sub-problem w(+!) at the (t 4+ 1)-th iteration can be
written as:

1 d
7 2 (oA wi - yIP?)
j=1

i=1

wD = min
Wi, W3, Wy

d d
+y 2w =P+ hl* D lwi — g+ £ (10)

i=1 i=1
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Using Parseval’s theorem, the above equation can be rewritten
in the Fourier domain as:

1N
argmin Z(Hle]@wl yll )
w

j=1 i=1

d d
Y DW=+ byl P+ y Y| 1W -G+ [ (11)
i=1 i=1
where X; ; is the i-th column vector of deep features matrix X, for
j-th nucleus in the Fourier domain and w; denotes the DFT of the
filter w;. From above equation, we can see that the k-th element
of the label y; only depends on the k-th element of the filter w;
and sample X; ; across all d channels. Therefore, it can be further
decomposed into n subproblems. Let 7, (-) takes the k-th element
for all d channels. Then, Eq. (11) becomes

argmin Z | 9 @)™ W) -3k |
V(W)

+y | %@ - %@ + %@ |+ | @) - %@ + u® |’
(12)

By taking the derivative with respect to %, (W) and setting it
zero, we can get a closed-form solution

-1
<,1V Y U@ U%X)T + 2)/1) a,

a=L13N %@ + v (1%h® — %h) + %@ - %®)
(13)

Since, % (X;)%(X;)T is a rank-1 matrix, Eq. (13) can
be solved more efficiently using ShermanMorrison formula
(Petersen et al. (2008)), we have

@ A X &) UE)T
(W) = %O T Ok v/kj@)“;k@)a (14)

Note that Eq. (14) only contains vector multiply-add operation
and thus can be computed efficiently. The filter w can then be ob-
tained by the inverse DFT of w.

Solving Sub-problem q: In Eq. (9), fixing other variables ex-
cluding q, the solution for sub-problem q‘*! at the (t + 1)-th iter-
ation is given by

(BB + DN (yW + yf) (15)

where B represents the dn x dn diagonal matrix concatenated with
d diagonal matrices Diag(B). The vectors W and f denote the con-
catenated vectors of w; and f; accross d-channels.

Solving Sub-problem p: : In Eq. (9), fixing other variables ex-
cluding p, the solution for sub-problem p‘t! at the (t + 1)-th iter-
ation is given by:

V(W) =

q(t+1)

T

N
pt+) = WZ Z(Z@k@v’<+)‘2l)_](l/w+yﬁ)’ (16)

where Q represents the dn x dn diagonal matrix concatenated with
d diagonal matrices Diag(C). The vector h denotes the concatenated
vector of h; accross d-channels.

Similarly, the variables h, m, and y can be updated iteratively
in (9) as:

KD — WD _ p 4 h®

_ q(t+l) +f(t)’
y(t+1) — mil‘l()/max,p)/t), (17)

where p is a scalar term. Algorithm 1 summarizes the optimiza-
tion procedure.

f(t+1) — wtD
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Algorithm 1: Proposed SCC-DCF algorithm for nucleus detec-
tion.
Input: N nuclei patches of size 31 x 31 pixels.
Initialization: Input feature matrix A; ¢ R4, A, A,
¥ =10, ¥max = 100, p = 1.2, w0 =0, h® =0, and f° = 0.
Compute B € R™" using Eqs. (4)-(7).
Training:while not converged (t =0, 1,.) do
1. Compute w'*! using (14).
2. Compute q“+1) using (15)
3. Compute p**+D using (16).
5. Update h™*D, £+1) "and 3 @1 ysing (17).
end
Output: w, q, p
Testing Procedure:
1. Extract deep feaures from test image
2. Compute response R; from each channel using Eq. (15)
3. Compute R; using Eq. (18) and maximum response across |
layers.

3.6. Nucleus detection

Given a test histology image with deep features X; and learnt
correlation filters w; for each channel, the correlation response R;
at the [-th layer is then computed by

d

R=5"0_Wox). (18)
i=1

where f(}* is the complex conjugate of Fourier representation of

feature vector x;' at [-th layer and i-th channel. In order to integrate
the response from multiple layers, we use the max rule across all
layers. Such late fusion schemes have already been used in visual
object tracking applications (Ma et al. (2015); Wang et al. (2018)).
It provides computational efficiency as well as improved perfor-
mance due to enabling the proposed algorithm for multi-resolution
nucleus detection. The local maxima values represent the detected
nuclei centers. Algorithm 1 recapitulates the different steps of
training and testing stages in our approach.

4. Experimental evaluations

The proposed algorithm Spatially Constrained Context-aware
hierarchical Deep Correlation Filters (SCC-DCF) is evaluated
quantitatively as well as qualitatively on three different his-
tology image datasets including two colon cancer datasets
known as CRCHistoPhenotypes (Sirinukunwattana et al. (2016))
and Colorectal Nuclear Segmentation and Phenotypes (CoNSeP)
(Graham et al. (2019)), and one multiple cancer types dataset
known as PanNuke (Gamper et al. (2020)).

4.1. Compared methods

The results are compared with 15 existing state-of-the-art
methods including:

o Structured Regression Convolutional Neural Network (SR-
CNN)(Xie et al. (2015)): In this method, the last layer of the
conventional CNN is replaced with the structured regression
layer to encode the topological information for robust nucleus
detection. Instead of labels, a proximity map is produced as-
signing higher values to the nucleus center.

o Spatially Constrained Convolutional Neural Network (SC-CNN)
(Sirinukunwattana et al. (2016)): This method regresses the
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likelihood of each pixel is the center of a nucleus. During train-
ing, in the ground truth response map, high probability values
are assigned in the vicinity of the nuclei centers.

Shape Prior Convolutional Neural Network (SP-CNN)
(Tofighi et al. (2018)): In the SP-CNN method, a set of canonical
shapes is prepared with the help of a domain expert and used
to perform nucleus detection using a deep neural network.
Tunable Shape Prior Convolutional Neural Network (TSP-CNN)
(Tofighi et al. (2019)): This method is the extended version
of SP-CNN. The handcrafted canonical nuclei shapes are made
learnable by introducing a new convolutional layer as well as
regularization terms.

Stacked Sparse Auto Encoder (SSAE) (Xu et al. (2015)): In this
method, a sliding window is applied on each image patch in or-
der to extract high-level features using an auto-encoder which
are then classified as a nuclear or non-nuclear region.
Crosswise SParse CNN (CSP-CNN) (Hou et al. (2019)): In this
method, a convolutional autoencoder is used to decompose his-
tology image patches into the foreground (nucleus) and back-
ground (non-nucleus).

Local Isotropic Phase Symmetry measure (LIPSym)
(Kuse et al. (2011)): In this method, a local symmetry measure
is used for nucleus detection. This measure is designed to give
high values at or near the nucleus center.

CRImage (Yuan et al. (2012)): This method segments nuclei us-
ing morphological operation, followed by distance transform,
and watershed method. The centroid of an individual seg-
mented nucleus is then considered as detection.

Vector Oriented Confidence Accumulation (VOCA)
(Xie et al. (2018)): It is a deep convolutional encoder-decoder-
based method that learns a confidence score, localization
vector, and weight of contribution for each pixel.

Mixture Density Networks (MDN) (Koohababni et al. (2018)):
This method maps a single input image patch to a Gaussian
probability density function of the nuclei center. If a local patch
contains at least one nucleus, then a Gaussian mixture model is
used to obtain the density functions.

Correlation Filter (CF) (Ahmad et al. (2018)): This is the base-
line method of the proposed SCC-DCF algorithm. It was initially
proposed for nucleus detection by exploiting CFs.

Horizontal and Vertical distances prediction Network (HoVer-
Net) (Graham et al. (2019)): This method estimates vertical and
horizontal distances of each pixel from its nearest nucleus cen-
ter. These distances are then utilized to separate clustered nu-
clei, resulting in improved segmentation.

Deep regression of  the Distance map (DIST)
(Naylor et al. (2018)):This method segments clustered nu-
clei by formulating the segmentation problem as a regression
task of the distance map.

Micro-Net (Raza et al. (2019)): It is trained at multiple resolu-
tions of the input images and it connects the intermediate lay-
ers for better localization. It generates the output using multi-
resolution deconvolution filters and it can handle variable ob-
ject sizes and intensities.

Mask-RCNN (He et al. (2017)): The original Mask R-CNN is re-
trained for the task of nucleus segmentation by using smaller
anchor boxes (Graham et al. (2019)).

For a fair comparison, the implementations were obtained from
the original authors and their proposed parameters were used.

4.2. Variants of the proposed SCC-DCF algorithm

In addition, we also compared the performance of different
variants and baselines of the proposed SCC-DCF algorithm includ-
ing
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o Context-Aware Correlation Filters (CACF): In this variant, no

graph-based regularization is employed and we only utilized

the hematoxylin channel of the histology images as used in the

baseline CF setting (Ahmad et al. (2018)).

Deep CACF (DCACF) using deep features: This variant is

similar to CACF except we trained CFs by using the deep

features extracted from the pre-trained VGG-19 network

(Kather et al. (2019)).

e SCC-DCF-1: In this variant, we employed principal component
analysis for dimensionality reduction to construct the spatial
graph.

4.3. Experimental details

Following the protocol in (Sirinukunwattana et al. (2016)), we
consider the detections within a radius of 6 pixels from the an-
notated ground truth center of the nucleus as true positive. In the
case of multiple detections within the same 6 pixels region, only
the detection closest to the ground truth center is considered as
true positive.

We empirically observe that the two parameters A; = 0.3 and
Ay = 0.5, in model (3) are the best combination in all experi-
ments. We crop the square region centered at the nucleus, in
which the side length of the region is resized to +/5n (n rep-
resents the size of the nucleus). For the construction of spatial
graphs, we used k = 10 nearest neighbors. The optimization hyper-
parameters are set as ¥ = 10, ymax = 100, and p = 1.3 as suggested
in (Danelljan et al. (2015)). The number of contextual patches is
also set as r = 4.

4.4. Datasets

4.4.1. CRCHistoPhenotypes dataset (Sirinukunwattana et al. (2016))

This dataset! consists of 100 H&E stained CRC histology im-
ages each of size 500 x 500 pixels, cropped from non-overlapping
regions of 10 WSIs from 9 different patients, at a pixel reso-
lution of 0.55 m/pixel (20x optical magnification). The nuclei
were manually annotated by an experienced pathologist. There
is a total number of 29,756 nuclei marked at the center for
detection purposes. The images consist of a variety of tissue
appearances from both malignant and normal regions of WSIs.
This is a challenging dataset with heterogeneous nuclear shapes
and significant clutter, making the nucleus detection task diffi-
cult more challenging. Fig. 4 shows sample tissue images of CRC
for nucleus detection from this dataset. We have employed 2-
fold cross-validation by using 50 images for training and the re-
maining 50 images for testing in each fold as recommended by
(Sirinukunwattana et al. (2016)).

4.4.2. Colorectal nuclear segmentation and phenotypes (consep)
dataset (Graham et al. (2019))

This dataset? consists of 41 large patches each of size 1000 x
1000 pixels at 40x resolution level. These patches were extracted
from H & E stained 16 CRC WSIs of different patients. This dataset
consists of 24,319 manually annotated nuclei boundaries by expe-
rienced pathologists. The dataset was initially proposed for nucleus
segmentation purposes; however, we employ it for nucleus detec-
tion by estimating the centroid of each nucleus segment and us-
ing it as ground truth. Similar to the CRCHistoPhenoypes dataset,
this dataset also contains the challenges of heterogeneity and nu-
clei clutteredness. Fig. 5 shows a sample tissue image for nucleus
detection from CoNSeP dataset. We have also employed the same

1 https://warwick.ac.uk/fac/sci/dcs/research/tia/data/crchistolabelednucleihe/.
2 https://warwick.ac.uk/fac/sci/dcs/research/tia/data/hovernet/.
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training and testing splits as recommended by the original authors,
consisting of 27 patches for training and the remaining 14 patches
for testing (Graham et al. (2019)).

4.4.3. PanNuke Dataset (Gamper et al. (2020))

The PanNuke® is a large and diverse dataset for nucleus seg-
mentation and classification that has been automatically annotated
and validated by expert pathologists. This dataset contains 481 vi-
sual fields captured at the 40x resolution level from 19 distinct
cancer types. Within these visual fields, 189,744 nuclei bound-
aries are exhaustively annotated. For a fair comparison of differ-
ent models, patches of size 256 x 256 are extracted from these
visual fields and randomly divided into three splits. Three folds
evaluation is performed by selecting one of split as training, an-
other one as validation, and the remaining one as testing split.
In case no validation data is required, the validation and training
splits are merged together and used as training splits. For quan-
titative comparisons, the results are the average across the three
folds. The dataset was initially proposed for nucleus segmenta-
tion purposes; however, we employ it for nucleus detection by
estimating the centroid of each nucleus segment and using it as
ground truth. Similar to the other datasets, this dataset also con-
tains the heterogeneity and nuclei clutteredness challenges. In ad-
dition to that, the PanNuke dataset contains a large number of
distinct cancer types while other datasets contain only colon can-
cer histology images. Fig. 6 shows three sample images from this
dataset.

4.5. Evaluation metrics

A detected nucleus is considered to be a true positive (TP) if
it is within 6 pixel radius from the ground truth, otherwise; the
detection is considered to be a false positive (FP). The ground
truth not matching with any detections considered as false nega-
tives (FN). For quantitative evaluations of SCC-DCF and its compari-
son with current state-of-the-art methods, we use Precision, Recall,
and F; score, which is computed as:

Precision x Recall
X 5
Precision + Recall

where Precision is defined as TP/(TP + FP) and Recall is TP/(TP +
FN). The aim is to maximize the F; measure so that its value is
close to one. For a detailed comparison with current state-of-the-
art methods, we have presented precision-recall (ROC) curves for
different methods, as shown in Figs. 8 (a)-(c). The ROC curves are
plotted by varying the threshold values applied to the predicted
filter response before locating local maxima to avoid false-positive
detections.

F=2 (19)

4.6. Evaluation on CRCHistophenotypes dataset

4.6.1. Visual assessment

The visual results of the proposed SCC-DCF are compared
with current state-of-the-art methods including SC-CNN, SP-CNN,
CF, TSP-CNN, and our variant CACF are shown in Fig. 4. The
ground truth nuclei are marked as blue circles while the re-
sults of nucleus detection are marked as green circles. The re-
sults are shown for two different sample images containing clut-
tered tumor heterogeneity and lymphocytes. The results are dis-
played for the maximum F score for each nucleus detection
method.

Visual results demonstrate that the proposed SCC-DCF achieved
excellent visual performance as it detected the majority of the
nuclei in these images even in the presence of cluttered nuclei

3 https://warwick.ac.uk/fac/sci/dcs/research/tia/data/pannuke.


https://warwick.ac.uk/fac/sci/dcs/research/tia/data/crchistolabelednucleihe/
https://warwick.ac.uk/fac/sci/dcs/research/tia/data/hovernet/
https://warwick.ac.uk/fac/sci/dcs/research/tia/data/pannuke

S. Javed, A. Mahmood, J. Dias et al.

)

e,

Medical Image Analysis 72 (2021) 102104

R

"k
m ‘ ‘?’u& n.‘}ﬂ.

(a) Input with ground (b)) SC-CNN {c) SP-CNN (d) CACF {e) CF (f) TSP-CNN {g) Proposed
truth Nuclei SCC-DCF
Fig. 4. Comparative visual assessment of the proposed SCC-DCF algorithm with current state-of-the-art methods on CRCHistoPhenotypes dataset

(Sirinukunwattana et al. (2016)). The top row shows a test image with tumor heterogeneity while the test image in the bottom row shows the nuclei cluttered of
lymphocytes. The ground truth nuclei locations are shown as blue circles, and nucleus detection results are shown as green circles. (For interpretation of the references to

colour in this figure legend, the reader is referred to the web version of this article.)

(a) Input with ground
truth Nuclei

{b) SC-CNN

(c) HoVer-Net

(d) Mask-RCNN (e) Proposed SCC-DCF

Fig. 5. Comparative visual assessment of the proposed SCC-DCF algorithm with current state-of-the-art methods on CoNSeP dataset (Graham et al. (2019)). The sample image
shows benign epithelial nuclei heterogeneity and nuclei clutteredness. The ground truth nuclei locations are shown as blue circles and nucleus detection results are shown
as green circles. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

and varying nuclear shapes. CF has exhibited high false-negative
rates while TSP-CNN, SP-CNN, and CACF methods have shown
high false-positive rates in case of tumor heterogeneity (top row).
The majority of the methods in the second row have performed
well except CF and CACF which have relatively high false-negative
rates, especially in the case of cluttered nuclei clusters. Both TSP-
CNN and SP-CNN have also shown some miss-detections in the
case of nuclei clutter. The proposed algorithm has also shown
excellent results in the case of overlapping and clumped nu-
clei in the tumor epithelial region as shown in Fig. 7. This vi-
sual result demonstrates the localization capability of the pro-
posed SCC-DCF algorithm leveraged by the spatial graph-based
regularization.

10

4.6.2. Quantitative analysis

Table 1 compares the nucleus detection results of the proposed
SCC-DCF algorithm with current state-of-the-art methods in terms
of average precision, recall, and F; score. These results are re-
ported by varying the threshold values to maximize the F; score.
Overall, the proposed SCC-DCF has obtained the best F; score of
91.4%, which is 6.20% better than second-best performer TSP-CNN.
Note that our variants, SCC-DCF-1 and DCACF, are the second and
third best performers obtaining 90.6% and 88.5% F; score. Our vari-
ant CACF has also obtained an 85.0% F; score, which is compara-
ble to TSP-CNN. The deep features in the DCACF method have re-
sulted in a 3.5% performance boost over CACF while the structural
graph-based regularization in the proposed SCC-DCF algorithm has
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Input Images Ground Truth  SC-CNN DIST Hover-Net Micro-Net Mask-RCNN  Proposed
SCC-DCF

Fig. 6. Comparative visual assessment of the proposed SCC-DCF algorithm with current state-of-the-art methods on PanNuke dataset (Gamper et al. (2020)). From top to
bottom: sample images of the breast, kidney, and adrenal gland cancers containing varying nuclear shape, size, and texture are shown in each row. From left to right, results
of the nucleus detection are shown in each column for the compared methods including SC-CNN (Sirinukunwattana et al. (2016)), DIST (Naylor et al. (2018)), HoVet-Net
(Graham et al. (2019)), Micro-Net (Raza et al. (2019)), Mask R-CNN (He et al. (2017)), and our proposed SCC-DCF algorithm. The ground truth nuclei locations are shown as
blue circles while the nucleus detection results are shown as green circles. (For interpretation of the references to colour in this figure legend, the reader is referred to the
web version of this article.)

(a) Input with ground truth Nuclei (b) Proposed SCC-DCF

Fig. 7. Visual assessment of the proposed SCC-DCF algorithm in the epithelial region showing the case of overlapping and clumped nuclei. The test image is taken from the
CRCHistoPhenotypes dataset (Sirinukunwattana et al. (2016)). The ground truth nuclei locations are shown as blue circles, and nucleus detection results are shown as green
circles. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

1
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Table 1

Comparative performance of the proposed algorithm with existing state-of-the-art methods in terms of the average precision, recall, and F; score on CRCHistoPhenotypes
dataset (Sirinukunwattana et al. (2016)). The best and second-best performing methods are shown in red and blue, respectively.

Evaluation Measures SC-CNN TSP-CNN SP-CNN SR-CNN SSAE  CSP-CNN LIPSym CRImage VOCA MDN CF CACF DCACF SCC-DCF-1 SCC-DCF
Precision 0.781 0.848 0.803 0.783 0.617 0.788 0.725  0.657 0.831 0.788 0.762 0.842 0.925 0.922 0.981
Recall 0.823 0.857 0.843 0.804 0.644 0.886 0.517  0.461 0.863 0.882 0.881 0.862 0.850 0.892 0.857
F; score 0.802 0.852 0.823 0.793 0.630 0.834 0.604  0.542 0.847 0.832 0.812 0.850 0.885 0.906 0.914
; Precision-Recall Curve 1 Prems\lon-Recall Cu(vs ] Precision-Recall Curve
0.9} 09f N 0.9
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Fig. 8. Comparison of the proposed SCC-DCF, DCACF, and CACF algorithms with other state-of-the-art methods including TSP-CNN (Tofighi et al. (2019)), SP-CNN
(Tofighi et al. (2018)), SC-CNN (Sirinukunwattana et al. (2016)), Hover-Net (Graham et al. (2019)), Mask-RCNN (He et al. (2017)), DIST (Naylor et al. (2018)), and Micro-
Net (Raza et al. (2019)), in terms of precision-recall curves for nucleus detection on CRCHistoPhenotypes, CONSEP, and PanNuke datasets. Isolines in (a)-(c) indicate regions

of the same F; scores.

further improved 2.90% performance over DCACF. The VOCA has
obtained 84.7% performance and CSP-CNN has obtained 83.4% F;
score.

Fig. 8 (a) shows the ROC curves of the best-performing meth-
ods, including SP-CNN, TSP-CNN, SC-CNN, CACF, DCACF, and our
proposed SCC-DCF algorithm. The isolines corresponding to the re-
gions of the same F; score are also shown in the background. It can

Table 2

Comparative performance of the proposed algorithm
with existing state-of-the-art methods in terms of
the average precision, recall, and F; score on CoNSeP
dataset (Graham et al. (2019)). The best and second-
best performing methods are shown in red and blue,
respectively.

Methods Precision Recall F; score
be seen that the ROC curve for the proposed SCC-DCF alg_orlthm SC.CNN 0751 0803 0737
approaches around 91.4% F; score, while the TSP-CNN remains the CF 0.742 0788  0.703
second-best method which obtained around 85.0% F; score. HoVer-Net 0.766 0.817  0.753
Mask-RCNN ~ 0.743 0719 0713
4.7. Evaluation on consep dataset Micro-Net 0750 0809 0747
DIST 0.769 0.765  0.728
. CACF 0.787 0.777  0.755
471 Visual assessmenF ) ) DCACF 0.814 0.837 0.794
Fig. 5 shows the visual comparisons of the SCC-DCF algorithm SCC-DCF-1 0.837 0.808  0.822
with SC-CNN, HoVer-Net, and Mask-RCNN on a challenging test im- SCC-DCF 0.875 0.823  0.848

age of the CoNSeP dataset. The sample image contains tumor het-
erogeneity and the nuclei clutter with varying shapes. The ground
truth nuclei are shown as blue circles, and nucleus detection re-
sults are shown as green circles.

SC-CNN has shown more false positives compared to the other
methods, especially in the case of clustered nuclei. The localization
of the proposed algorithm is significantly better compared to the
other methods. The performance of HoVer-Net and Mask-RCNN has
also remained low. Overall, the proposed algorithm has obtained
the maximum true positive rate compared to the other methods.

4.7.2. Quantitative analysis

The proposed SCC-DCF algorithm is evaluated on the CoN-
SeP dataset quantitatively and compared with SC-CNN, CF, HoVer-
Net, Mask-RCNN, Micro-Net, DIST, CACF, DCACF, and SCC-DCF-1
as shown in Table 2 by following the same experimental proto-
cols defined in (Sirinukunwattana et al. (2016)). For the case of
nucleus segmentation-based methods such as HoVer-Net, Mask-
RCNN, Micro-Net, and DIST, the centroid of the segmented nu-
cleus is considered as a nucleus detection and used for perfor-
mance comparison. The other methods TSP-CNN and SP-CNN are
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only compared on the CRCHistoPhenotypes dataset because the
training codes are not available, therefore these methods can not
be trained on new datasets. The proposed SCC-DCF algorithm has
obtained a maximum average F; score of 84.8% while the vari-
ants SCC-DCF-1, DCACF, and CACF obtained 82.2%, 79.4%, and 75.5%
F, score. The nearest competitor is the nuclear segmentation-
based method HoVer-Net which obtained 75.3% F; score. Since the
CoNSeP dataset is more challenging than the CRCHistoPhenotypes
dataset; therefore, the performance of all compared methods is re-
duced by 6.0% to 9.0%.

Fig. 8 (b) shows the ROC curves comparison of the proposed
SCC-DCF algorithm with SC-CNN, HoVer-Net, DCACF, CACF, and
Mask-RCNN on the CoNSeP dataset. The precision-recall curve for
the proposed SCC-DCF algorithm approaches to around 84.0% F;
score. Also, the recall range of 0.50 to 0.90 SCC-DCF algorithm ROC
curve is significantly higher than the compared methods.
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Table 3

Comparative performance of the proposed algo-
rithm with existing state-of-the-art methods in
terms of the average precision, recall, and F,
score on PanNuke dataset (Gamper et al. (2020)).
The best and second-best performing methods are
shown in red and blue, respectively.

Methods Precision Recall F; score
SC-CNN 0.67 0.60 0.63
HoVer-Net 0.82 0.79 0.80
Mask-RCNN  0.76 0.68 0.72
Micro-Net 0.78 0.82 0.80
DIST 0.74 0.71 0.73
CACF 0.78 0.69 0.73
DCACF 0.77 0.75 0.76
SCC-DCF-1 0.79 0.80 0.79
SCC-DCF 0.84 0.83 0.83

4.8. Evaluation on pannuke dataset

4.8.1. Visual assessment

Fig. 6 shows the visual comparisons of the SCC-DCF algorithm
with SC-CNN, DIST, HoVer-Net, Micro-Net, and Mask-RCNN on a
challenging test images of the PanNuke dataset. These sample im-
ages belong to breast, kidney, and adrenal gland cancer types
and contain tumor heterogeneity with varying nuclear shapes and
sizes. The ground truth nuclei are shown as blue circles, and nu-
cleus detection results are shown as green circles.

SC-CNN has shown more false positives compared to other
methods in these test images. The nuclear segmentation methods
DIST, Hover-Net, and Micro-Net show good nucleus detection re-
sults for the kidney cancer test image in the midlle. The breast
cancer image on the top row poses a great challenge for these
segmentation-based methods because they were not able to detect
many nuclei. This effect is more pronounced for the Mask-RCNN
where hardly 10 nuclei are detected out of more than 100 nuclei.
Compared to these methods, our proposed algorithm has a very
low false-negative rate. compared to SC-CNN and DIST methods,
the proposed SCC-DCF has a low false-positive rate for test images.

4.8.2. Quantitative analysis

The proposed SCC-DCF algorithm is also evaluated on the Pan-
Nuke dataset quantitatively and compared with SC-CNN, CF, HoVer-
Net, Mask-RCNN, Micro-Net, DIST, CACF, DCACF, and SCC-DCF-1 as
shown in Table 3. The F; score reported in Table 3 is an average
over three dataset folds. The proposed SCC-DCF algorithm has ob-
tained 83.0% F; score while the nearest competitors are Hover-Net
and Micro-Net both obtaining 80.0% F; score. The variant of the
proposed algorithm SCC-DCF-1 has obtained 79.0% F; score that
shows the importance of spatial graph into the correlation filters
framework. On this dataset, these additional constraints has re-
sulted in a 4.0% increase accuracy.

Fig. 8 (c) shows the ROC curves comparison of the proposed
SCC-DCF algorithm with SC-CNN, DIST, Mask RCNN, Micro-Net, and
Hover-Net on the PanNuke dataset. The precision-recall curve for
the proposed SCC-DCF algorithm approaches to around 83.0% F,
score.

4.9. Generalization evaluation

The generalization performance of the proposed SCC-DCF al-
gorithm is also evaluated and compared with SC-CNN, TSP-CNN,
and SP-CNN by training these methods on the CRCHistoPhenotypes
dataset and testing on the CoNSeP dataset, as shown in Table 4.
The proposed algorithm achieved best F; score of 62.9% among the
compared methods which is 21.90% less than its own performance
on CoNSeP dataset (Table 2) and 28.50% less than its performance
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Table 4
Evaluation of the proposed algorithm across
datasets: training on CRCHistPhenotypes dataset

(Sirinukunwattana et al. (2016)) and testing on CoNSeP
dataset (Graham et al. (2019)). The best and second-
best performing methods are shown in red and blue,
respectively.

Methods Precision Recall F; score
SC-CNN 0.346 0.732 0453
SP-CNN 0.457 0.548  0.458
TSP-CNN 0.370 0.705  0.469
Proposed SCC-DCF  0.618 0.641 0.629

Table 5

Comparative performance of the proposed algorithm with SC-CNN meth-
ods using reduced training and testing splits on CRCHistoPhenotypes
dataset (Sirinukunwattana et al. (2016)).

Data Splits Methods Precision Recall F; score
Training 30%  SC-CNN 0.716 0.703 0.657
Testing 70% Proposed SCC-DCF  0.876 0.777  0.823
Training 20%  SC-CNN 0.380 0.879 0.521
Testing 80% Proposed SCC-DCF  0.871 0.743 0.801
Training 10%  SC-CNN 0.341 0.580 0.414
Testing 90% Proposed SCC-DCF  0.791 0.651 0.714

on CRCHistoPhenotypes dataset (Table 1). Some reduction in the
performance can also be attributed to the more challenging nature
of the CoNSeP dataset. In contrast, the TSP-CNN has shown a 38.3%
reduction as compared to its performance on the CRCHistoPhe-
notypes dataset (Table 1). The SC-CNN has shown a reduction
of 34.9.% compared to CRCHistphenotypes dataset (Table 1) and
28.4% reduction compared to its performance on CoNSeP dataset
(Table 2). Similarly, SP-CNN has also shown a reduction of 36.5% on
the CRCHistophenotypes dataset (Table 1). Thus, compared to these
existing methods, the proposed SCC-DCF algorithm has shown the
best generalization performance.

4.10. Evaluation on reduced training dataset

To further evaluate the strength of the proposed SCC-DCF algo-
rithm, we reduced the training split on the CRCHistoPhenotypes
dataset to 30%, 20%, and 10% and increased the testing split to
70%, 80%, and 90%, respectively. Because of the unavailability of
the training codes of TSP-CNN and SP-CNN methods, we only com-
pared our performance with SC-CNN as shown in Table 5. For
the 30% training set, the performance of the SCC-DCF algorithm
is 82.3% which is 9.10% reduced than its performance on 50% split
used in Table 1. Compared to this, the performance of SC-CNN is
reduced by 14.5% as observed in Table 1. For the case of 20% train-
ing data, the performance of the proposed SCC-DCF algorithm is
80.1%, which is 11.30% reduced than its performance on 50% train-
ing data. Compared to this, the performance of SC-CNN is reduced
by 36.1%. At 10% training data, the proposed SCC-DCF algorithm
observed the degradation of 20.0% while SC-CNN observed 38.8%
degradation. Thus, the proposed algorithm has observed a graceful
degradation with a reduced training dataset compared to the SC-
CNN method. This superiority lies in the fact that our algorithm is
based on correlation filters which can learn efficiently on relatively
small training datasets as compared to deep neural network-based
methods.

4.11. Computational complexity and execution time

We evaluate the computational complexity and execution time
of the proposed algorithm which mainly depends on the opti-
mization process and graph construction. We used the FLANN li-
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braries for the graph construction using nearest neighbor strat-
egy (Muja and Lowe (2014)). The spatial graph G, complexity is
O(ndlog(n)) where n is the number of pixels in each nucleus patch
and d is the number of channels in each deep features hierarchy.

Since, Eq. (14) is separable in each pixel location, we solve this
w element-wise and each element is a system of linear equations
with d variables. Each sub-problem can be solved in O(d) using
Sherman-Morrison formula (Petersen et al. (2008)). Thus, the com-
plexity of solving W is O(dn). Taking the DFT and inverse DFT into
account, the complexity of solving w is O(dnlog(n)). The computa-
tional cost for solving both p and q sub-problems is O(dn). Hence,
the complexity of our SCC-DCF model is O(nydnlog(n)), where n,
represents the maximum number of iterations.

The execution time of the proposed algorithm is measured
on a PC with an Intel Core i7 4.0 GHz, Titan Xp GPU, and 128
GB RAM. Compared with current state-of-the-art methods includ-
ing SC-CNN, TSP-CNN, and HoVer-Net, the computational time of
the proposed SCC-DCF algorithm is significantly reduced. On the
CRCHistoPhenotypes dataset, the SCC-DCF algorithm takes 15.31
minutes for training, while testing time is 4.10 minutes on 50 test
images each of size 500 x 500 pixels using MATLAB implementa-
tion. The time on each image varies depending upon the number
of nuclei. Our variants SCC-DCF-1 (graph construction with com-
pressed features using PCA), DCACF, and CACF takes 13.92, 13.43,
and 3.30 minutes for training, and 4.10, 4.10, and 2.3 minutes for
testing. In contrast, the SC-CNN method takes more than 8 hours
of training time and 15.20 minutes for testing the same 50 im-
ages using Python implementation. The testing time of TSP-CNN
and HoVer-Net using Python implementations are comparable with
the testing time of the proposed algorithm in Matlab.

On the CoNSeP dataset, our proposed SCC-DCF algorithm took
16.71 minutes for training and 3.93 minutes for testing 14 images.
The HoVer-Net method takes 380 minutes to train and 8.61 min-
utes for testing the same 14 images (Graham et al. (2019)). Thus,
the proposed SCC-DCF algorithm is computationally attractive and
its python implementation would be even more efficient.

5. Conclusions

In this work, novel constraints based on the spatial structure
of the nucleus and its local contextual information are proposed
in the discriminative correlation filter framework to handle vary-
ing nuclei shapes, texture, and clutter. The first constraint incor-
porates the spatial structure of the nuclei by constructing a dense
graph across different nucleus components based on hierarchical
deep features. The spatial graphs are computed at each resolution
level of the deep features. The second constraint assists the corre-
lation filter to discriminate between the nucleus and non-nucleus
region. Both these constraints reduce the boundary effects during
training and enhance nuclear localization. The proposed objective
function containing spatial graph-based constraints and contextual
information in the DCF framework is solved using the ADMM op-
timization method where the closed-form solution of each sub-
problem is derived in a more efficient manner. At each level, we
independently compute the constrained correlation filter response
and maxima is seeked across all levels. The proposed algorithm
dubbed as SCC-DCF has shown significant performance improve-
ment on large-scale nucleus detection challenging datasets com-
pared to 15 existing state-of-the-art methods. In the future, we will
explore the strength of correlation filters for nucleus classification
and tissue phenotyping problems.
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