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Abstract Automated nucleus/cell detection is usually considered as the basis and a critical
prerequisite step of computer assisted pathology and microscopy image analysis. However,
due to the enormous variability (cell types, stains and different microscopes) and data
complexity (cell overlapping, inhomogeneous intensities, background clutters and image
artifacts), robust and accurate nucleus/cell detection is usually a difficult problem. To address
this issue, we propose a novel multi-scale fully convolutional neural networks approach for
regression of a density map to robustly detect the nuclei of pathology and microscopy images.
The procedure can be divided into three main stages. Initially, instead of working on the simple
dot label space, regression on the proposed structured proximity space for patches is performed
so that centers of image patches are explicitly forced to produce larger values than their
adjacent areas. Then, several multi-scale fully convolutional regression networks are devel-
oped for this task; this will enlarge the receptive field and not only can detect the single, small
size cells, but also benefit to detecting cells with big size and overlapping states. In this stage,
we copy the full feature maps from the contracting path and merge with the feature maps of the
expansive path. This operation will make full use of shallow and deep semantic information of
the networks. The networks do not have any fully connected layers; this strategy allows the
seamless probability map prediction of arbitrarily large images. At the same time, data
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augmentations (e.g., small range shift, zoom and randomly flip) are carefully used to enhance
the robustness of detection. Finally, morphological operations and suitable filters are employed
and some prior information is introduced to find the centers of the cells more robustly. Our
method achieves about 99.25% detection precision and the F1-measure is 0.9924 on fluores-
cence microscopy cell images; about 85.90% detection precision and the F1-measure is 0.9020
on Lymphocyte cell images and about 78.41% detection precision and the Fl-measure is
0.8440 on breast histopathological images. This result leads to a promising detection perfor-
mance that equates and sometimes exceeds the recently published leading detection ap-
proaches with the same benchmark datasets.

Keywords Cell detection - Fully convolutional neural networks - Pathology and microscopy
images - Multi-scale

1 Introduction

Digital pathological image analysis plays an important role in decision making for disease
diagnosis, since they can provide a large amount of useful information for computer-aided
diagnosis (CAD). Nowadays automatic digital pathological image analysis has great benefits
for pathologists and patients, and attracts a lot of attentions in both research and clinical
practices [16, 51-53]. Manual examination of pathological images is an extremely tedious and
time-consuming operation, and the results are also subject to intra- and inter-individual
variability [28]. On the other hand, CAD can greatly reduce the bias and provide accurate
characterization of diseases [15]. In addition, it allows individualized treatment, which is
significantly beneficial for the patients.

A key prerequisite for computer-assisted diagnosis is nucleus/cell detection and segmenta-
tion, which are generally considered to be the bases of automatic image analysis. It supports
various quantitative analyses including calculating cell morphology, such as shape, texture,
and so on. While detection can determine the presence (and quantity) of an object of interest,
such as cancer cells in a pathological image, in addition, detection can also be used as seeds for
further segmentation, counting, tracking or morphological analysis. So cell detection is often
the basis and key step in pathological image diagnosis. However, robust and accurate nucleus/
cell detection is a difficult problem due to the enormous variability (cell types, stains and
different microscopes) and data complexity (cell overlapping, inhomogeneous intensities,
background clutters and image artifacts) [18, 40, 47].

In recent years, more and more people are interested in the application of “deep learning”
strategy in natural and pathological image analysis. Pathology, in view of its diversity and
complexity, is an excellent use case for deep learning strategies. One of the main challenges of
computational techniques is to analyze all individual cells for accurate diagnosis, because the
differentiation of most disease grades is highly dependent on cell-level information. In order to
achieve this goal, deep convolutional neural network has been investigated to detect and
segment cells from histopathological images [26, 29, 41, 44], which is of great significance to
the cell level analysis of tumor diagnosis.

In this paper, we propose a novel multi-scale fully convolutional neural networks approach
for regression of a density map to robustly detect the nuclei of pathology and microscopy
images. The main contributions of this work include three parts. First, we devise and compare
architectures for several multi-scale fully convolutional regression networks for this task; this
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will enlarge the receptive field and not only can detect the single, small size cells, but also
benefit to detecting cells with big size and overlapping state. Since the networks are fully
convolutional, they can predict a density map for an input image with arbitrary size, and we
exploit this to improve efficiency by end-to-end training on image patches. Second, instead of
working on the simple dot label space, regression on the proposed structured proximity space
for patches is performed so that centers of image patches are explicitly forced to produce larger
values than their adjacent areas. At the same time, data augmentations (e.g., small range shift,
zoom and randomly flip) are carefully used to enhance the robustness of detection. Finally,
extensive experiments and their results lead to a promising cell detection performance that
equates and sometimes exceeds the recently published leading detection approaches with the
same benchmark datasets.

The rest of the work is organized as follow. In Section 2, we will review the recent deep
learning methods for the nuclei detection of microscopy and pathology images. Section 3
presents our methodological contributions in detail, while Section 4 describes the experimental
setup, validation results and comparisons with the previous methods. Section 5 draws a
conclusion to the paper.

2 Related work

In this section, we review three major categories of relevant work: convolutional neural
networks (CNN) for cell detection, CNN combined with other methods for cell detection,
and other deep learning methods for cell detection.

2.1 CNN for cell detection

Cruz-Roa et al. [9] put forward a kind of deep learning method that integrated image
representations, basal-cell carcinoma cancer detection and visual interpretation for the skin
histopathology images. Their approach obtained much better performance than the canonical
methods, such as bag of features, discrete cosine transform and wavelet transform. Janowczyk
et al. [2] employed an open source framework (Caffe) with an improved AlexNet-based
architecture to address seven digital pathology (DP) image analysis tasks. In many cases, the
performance of the paper was superior to results from the state-otf-the-art hand-cratted feature-
based [19, 55] classification approaches. Sirinukunwattana et al. [34, 35] introduced the spatial
constraint strategy into the deep convolution network, which makes the nucleus center obtain
higher probability value. This will be beneficial to the accurate detection of epithelial tumor
nuclei, but the sliding window strategy with overlapping windows is very time consuming. In
[8], a deep convolution neural network was trained to detect mitotic cells in breast cancer
histology images by pixel-wise style. The specific method was to take a pixel point as the
center, select a batch, and predict the patch to achieve the pixel classification. Finally, a smooth
operation of the probability map was carried out, and the center ot mitotic cells was obtained
by combining the non-maximal suppression. This method had won the ICPR 2012 mitosis
detection contest, which greatly exceeded the other algorithms. Dong et al. [11] employed a
nine-layer CNN to extract features, and fed them to the SVM classifier. The proposed method
outperformed the hand-crafted algorithms and obtained a promising result for cell detection in
wide-field microscopy zebrafish images. Xing et al. [48] proposed a general pathologic cell
detection and segmentation framework. The main contributions of this paper were divided into
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two parts. First, CNN model was employed to obtain the reliable probability density map,
which can benefit the subsequent cell shape inference. Second, a deformation model based on
sparse shape constraint was proposed to effectively deal with the nuclei with weak or missing
boundaries. However, if the CNN model was deployed to test images in a sliding window
manner for pixel-wise classification, it would be computationally expensive for large-scale
images. In [17], a fast scanning strategy was introduced to a deep CNN, which sharply sped up
CNN on sliding windows. As the authors declared, the simple MATLAB implementation of
the scanning strategy yielded more than 30-fold speedup over patch-based GPU implementa-
tion for neuronal membranes segmentation in electron microscopy images. Xie et al. [45]
proposed a structural regression model for robust nuclei detection. This approach dittered from
traditional CNN in that it introduced the topological information for acquiring training data and
adopted fast scanning technology. The proposed method obtained state-of-the-art performance
on three modalities of cell images. Ciresan et al. [10] adopted CNN as the pixel-wise classifier
and won the best performance on the three metrics (rand error, warping the error and pixel
error) through plain stochastic gradient descent training strategy and non-special post-process-
ing. However, the algorithm had a lot of computational redundancy, which greatly reduced the
prediction speed. At the same time, the selection of the size of the patches must compromise
the localization accuracy and the context size. Ronneberger et al. [32] presented a novel
network architecture which consisted of a contracting path and a symmetric expanding path.
The proposed method takes advantage of the available annotated samples more efficiently and
achieves good performance for biomedical images segmentation.

2.2 CNN combined with other methods for cell detection

Liu et al. [26] formulated cancer nucleus detection into a combinatorial optimization problem.
Specifically, it consisted of three steps. First, a set of nucleus candidates were produced by
using different methods including LoG, MSER [3], and iterative voting [30]. Second, each
candidate was assigned a score using a seven layer CNN and a weighted graph was construct-
ed. Third, a subset of mutually non-adjacent graph nodes was chosen to maximize the sum of
the weights of the selected nodes. Xie et al. [44] proposed a novel method that integrates CNN
and Hough voting to accurately locate the nucleus of microscopy images. In the test phase, a
fast scanning technique and the stride manner were introduced to boost the speed. Both of
them are proved to be efficient. Song et al. [37] proposed a multiscale convolutional
network(MSCN) and graph-partitioning-based method for accurate segmentation of cervical
cytoplasm and nuclei, which was composed of 1) extracting feature representation and
conducting pixel-wise coarse segmentation with a CNN, 2) building an undirected graph
based on the coarse segmentation and superpixels generated from SLIC [1] and partitioning
the graph with a fast min-cut/max-flow algorithm [6], and 3) finally calculating nucleus
markers based on the marker seeking strategy. Sommer et al. [36] designed a composite
framework for high-content cellular phenotype detection. The authors employed convolutional
autoencoder to learn the representation features for a collection of images, and the features
served as the input for novelty detection and the conventional supervised machine learning
classifier. Wang et al. [42] combined the handcrafted and CNN features to boost the perfor-
mance for mitosis cell detection. Khoshdeli et al. [21] employed CNN and Laplacian of
Gaussian (LoG) filter to accentuate blob-shape objects, which was benefit for the detection
of hyperchromatic and vesicular phenotype cells in histology sections of brain and breast
images.
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2.3 Other deep learning methods for cell detection

Su et al. [41] presented a cell detection and segmentation method in histopathological image,
which is divided into two steps. First, the sparse reconstruction [56, 58] model was employed
to deal with shape variations, and cell overlapping. Second, a stacked denoising autoencoder,
trained with original data and their structural labels, was used for cell segmentation. Xu et al.
[49] employed stacked sparse autoencoder (SSAE) to detect the nuclei of breast cancer
histopathological images. It mainly consisted of two parts. First, plenty of nuclei and non-
nuclei patches were sent to the SSAE to train a robust classifier. Then, the classifier was
employed to scan on the high-resolution histopathological images to detect the nuclei. Yellin
et al. [50] plugged convolution operation into sparse dictionary learning and coding [54, 57],
which was beneficial to the detection of red blood cell (RBC) and white blood cell (WBC) in
the holographic lens-free image. In [38], the authors proposed a deep autoencoder network to
detect and classify erythroid and myeloid cells simultaneously. The proposed network not only
decreased the training time, but also kept almost the same performance with the conventional
deep learning methods. Song et al. [39] devised an unsupervised hybrid network with
curvature Gaussian model for detecting various types of cells in bone marrow hematopoietic
stem cells. The method attained better F 1-score than some state-of-the-art algorithms and could
detect some U-shaped cells, but the size of the training cell patches was small (e.g., 29 x 29).

3 Methodology

We propose a fully convolutional neural networks method to detect the cells in fluorescence
microscopic images and pathological images. We modity and extend the “fully convolutional
network™ architecture such that it works with very few training images and gains more precise
probability map. A flowchart of the proposed method is illustrated in Figure 1. The method
mainly consists ot three parts: 1) Data preprocessing. The benchmark datasets only give the
centers of cells (one dot per cell) as ground truth. Instead of working on the simple dot label
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Figure 1 A flowchart of the proposed method
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space, the regression on the proposed structured proximity space for patches is performed so
that centers ot image patches are explicitly forced to produce larger values than their adjacent
arcas. 2) Multi-scale fully convolutional neural networks. To increase the robustness and the
detection performance, multi-scale feature maps generated from the scratch input images are
merged together (See section 3.3 for detailed description). 3) Image postprocessing. In order to
improve the detection performance and reduce the errors due to background clutters, stains and
image artifacts, morphological operations and suitable filters are employed and some prior
information is introduced to find the centers of the cells more robust.

3.1 Data preprocessing

The label image, which is corresponding to original cell image, contains only the center point
of the cell as its label. Our method will process the label image and generate structured outputs
(referred to as proximity patches). In these patches, the cell center has a larger value and the
maximum intensity value is the cell center. In the training phase, proximity patches as the
training sets that will explicitly force the center of the adjacent patches to produce larger values
than their adjacent areas. The maximum value of the proximity map generated by our method
will be more robust as a cell center.

Let / denotes the input image, we define M as the proximity mask corresponding to image /,
and compute the value of the i/-th entry in M in formula

. [ V(U +aDGj) i DGj)<r,
v 0 otherwise,

where D(i,j) represents the Euclidean distance from pixel (i, /) to the nearest pathologist
annotated cell center. r is a distance threshold which has been set to a small value (e.g., 5
pixels). ais the decay ration which has been set to 0.8. The value of M;; is a number within the
interval V =[0,1]. The details are shown in Figure 2.

(b)

Figure 2 The original image and the proximity masks. (a) Original RGB image with simple dot labels. (bh)
Proximity masks corresponding to the original image with the same size

@ Springer



World Wide Web

The proposed approach is different from the conventional CNN classifier, which introduces
a new structured regression method to capture the topologic information implying in the
training data. The image also maintains spatial consistency.

3.2 Fully convolutional neural networks
3.2.1 Architecture design

The typical application of the convolution network is the classification task, where the output
of the image is a class label. However, in many visual tasks, especially in biomedical image
processing, the expected output should include localization. That is to say, a class label should
be assigned to each pixel. Inspired by literature [27], we design a more elegant architecture,
which works with very few training images and obtains more precise probability map. As
shown in Figure 3, it consists of a contracting path and an expansive path. The contracting path
follows a convolutional network and consists of the repeated application of two 3 %3
convolutions (padded convolutions). Each convolution operation followed a 2 x 2 max pooling
operation for down-sampling, and the activation tunction is rectified linear unit (ReLU). To
make the training easier, we add batch normalization [20]. Every step in the expansive path
consists of three details. First, an up-sampling operation enlarges the size of every feature map
twice and keeps the number of feature channels. Second, the feature maps concatenate with the
corresponding full feature maps from the contracting path. Third, it conducts two 3 x3
convolution operations, each followed by a ReLU.
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Figure 3 The proposed architecture (named Unet-like). Every blue box denotes the multi-channel feature maps.
The number on top of the box is the number of feature maps. The size of the feature map is shown on the left
edge of the box. The arrows represent the different operations in the network
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The proposed structure of the networks is similar to U-net [32], but there are three
differences. First, U-net crops the feature maps from the contracting path and concatenate
with the feature maps of the expansive path, however, we copy the full feature maps from the
contracting path and merge with the feature maps of the expansive path. Second, the size
of the density map of our proposed model is the same as the size of input image, which is
beneficial for the determination of the spatial position of the cell images. Third, U-net
doubles the number of feature channels at each down-sampling step that will signifi-
cantly increase the parameters of the model and reduce the training speed. In the
meantime, we employed batch normalization to make the training easier. At the same
time, the network does not have any fully connected layers; this strategy allows the
seamless probability map prediction of arbitrarily large images. To predict the pixels in
the border region of the image, the missing context is extrapolated by mirroring the input
image. The proposed architecture is shown in Figure 3.

3.2.2 Implementation details

The implementation is based on keras (https://github.com/fchollet/keras), and the
backend is tensorflow (https://github.com/tensortflow/tensortlow). During the training
period, we crop patches from the large images, for instance, we randomly sample
patches of size 256 x 256 pixels from big size (1600 x 1200) breast cancer pathological
images. Some data augmentation techniques (e.g., small rotations, zoom, horizontal
flipping and vertical flipping) are also applied. Before training, each patch is
normalized by subtracting its own mean intensity value and then dividing by the
standard deviation.

We denote the tunction of the convolutional network from the input X to the output Yas Y=
F,,. 5(X), where w and b are free parameters of the network. Y* is the ground truth annotation
with respect to Y. The cost function is given by

E(X, Fup, ¥") = || Fup(X)-Y"| (1)

The learning process of the convolution network can be defined as the minimization of the cost
function with respect to all free parameters w and b.

argmin £(X, Fyp, ¥) (2)
w,b

Stochastic gradient descent (SGD) with momentum is used for optimization. Then, the
parameters w are updated by:

v=_3xvnxV,E (3)
We—w + v 4)

where 77 is some sufficiently small value called learning rate, which control the conver-
gence speed. In this paper, the learning rate 7 is initiated as 0.001, and gradually decreases
by a factor of 10. Before learning, the parameters w are initialized with an orthogonal basis
[33].

The momentum /3 is set to 0.9 and weight decay value is 0.0005. Since most of the pixel
values in the label are zeros, moreover, the peak value of non-zero region is 1; network will be
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especially difficult to train. In order to alleviate this problem, we simply scale the structured
proximity space-annotated ground truth (Figure 2) by a factor of 100, which forcing the
network to fit structured proximity space rather than the background zeros.

3.3 Multi-scale fully convolutional neural networks

Nevertheless, robust cell detection in pathological image is generally a difficult problem due to
the large variability. For example, the size of a single cell varies greatly, very large cell clumps,
where three or more cells overlap, especially the latter. In this case, larger clumps are more
susceptible to deformation than individual cells and are harder to regress; In addition,
regression of large cell clumps requires the network to have an even larger receptive field,
which can cover important parts ot the whole clump, such as concave information, or curved
edges in specific directions. The math formula of receptive field (RF) is as follow:

ly = bLier + ((f& - l)xjijisi) (5)

where [, is the receptive field of layer £—1 , f; is the filter size (height or width, but
assuming they are the same here), and s;is the stride of layer i.

The formula above calculates receptive field from bottom up (from layer 1). Intuitively, RF
in layer k covers (fy — 1) xs; ymore pixels relative with layer £— 1. However, the incre-
ment needs to be translated to the first layer, so the increments is a factorial, that is to say, a
stride in layer £— 1 is exponentially more strides in the lower layers.

In [46], the proposed network is relatively shallow, with only 38 x 38 or 32 x 32 pixels of the
receptive field. For small cell clumps, their curved edges are usually covered and can be predicted
correctly. However, for a round cell clump with about three or more cells, it may be larger than
their largest receiving field, which usually leads to a false prediction. Inspired by the literature [7,
31, 43],we build upon the multi-scale networks to deal with the intractable tasks.

The structure of our network is illustrated in Figure 4. Base on the original network (Figure
3), we add a branch network (named coarse branch network) from the input, and the output
feature maps merge with the fourth convolution layer of the original network. The feature
maps of the coarse branch network are used as the additional ones; by design, the size of the
coarse branch network output feature maps is the same as the output of the fourth convolution
layer. The size of convolutional kernel in the coarse branch network is 11 x 11 and 9x9
respectively, which is bigger than original network and will enlarge the size of receptive field
of the whole network. In fact, the size of the Multiscale 4layers architecture and the
Multiscale x2 4layers architecture is 82 x 82 and 108 x 108 respectively, which is benefit to
detecting the large size cells and overlapping cells. As the proposed two architectures look “4
layer-like”, we name the models suffixed by “4layers”. Furthermore, we also train several
networks with 3 layers” as shown in Figure 5, and performance comparisons with two “4
layer-like™ architectures are shown in the sections below.

3.4 Postprocessing
In the postprocessing phase, in order to improve the detection performance and reduce the
errors due to background clutters, stains, and image artifacts, morphological operations and

suitable filters are employed and some prior information is introduced. First, the isolated pixels
and small areas of noises can be eliminated by the morphological clean and opening operation.
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Second, the center arcas of nuclei can be obtained by maximum filter, which is the built-in
function in Scipy (one of the famous open-source software for mathematics, science, and
engineering). Third, we label the connected domains and calculate the center coordinates of the
domains, and that are the geometric centers of nuclei. The details are shown in Figure 6.
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Figure 4 The proposed four layer architectures. (a) Multiscale 4layers. (b) Multiscale x2 4layers
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(a) (b) (c)
(e

Figure 6 Postprocessing process. (a) Density map of the test image. (b) Image after the maximum filter of the
density map. (¢) Image after the minimum filter of the density map. (d) Difference between images after
maximum filter and minimum filter. (e) The maxima areas of the density map. (f) Detection result

4 Experiments and results

4.1 Dataset description

Three datasets are used to validate our proposed models. The first dataset is synthetic dataset
which contains 200 cell images of fluorescence microscopy. The second and third datasets are

two pathological images datasets: lymphocyte cell images and breast cancer histopathological
images. More detail will see the next subsection.

Figure 7 Synthetic data (fluorescence microscopy images with cell nuclei)
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Figure 8 Lymphocyte cell image and its associated ground truth cell detection labeling image

4.1.1 Synthetic data

The synthetic datasets consist of 200 cell images of fluorescence microscopy that generated in
Lehmussola et al. [23]. As shown in Figure 7, each synthetic image has about 174 =64 cells.
Serious overlap between instances is often observed in the dataset, which makes detection
challenging. As Figure 4 in literature [46] shows, human experts can’t even tell the difference
between the overlapping cells and a single one. We report the mean precision, recall, F1-
measure and their standard deviations for the proposed models.

4.1.2 Real data

We evaluated our proposed models on other two difterent kinds of data; (1) Lymphocyte
cell images. Lymphocyte, a subtype of white blood cells, is an important component of
the immune system. Lymphocytic infiltration is the process where the density of lym-
phocytes greatly increases at sites of disease or foreign bodies, indicating an immune

Figure 9 Breast cancer
histopathological image and its
associated ground truth cell
detection labeling image (green
dots)
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(d) Cell detection

(C) Estimated density map

(3) Fluorescence microscopy cells (b) Annotated density map

Figure 10 Multiscale x2 4layers applied on fluorescence microscopy cells. (a) Fluorescence microscopy cells.
(b) Annotated density map of the label image. (¢) Estimated density map. (d) Cell detection for the fluorescence
microscopy cell image

response. A stronger immune response has been highly correlated to better outcomes in
many forms of cancer. As a result, identitying and quantifying the density and location of
lymphocytes has gained great interest recently, particularly in the context of identifying
which cancer patients to place on immunotherapy [2]. Lymphocytes present with a blue
tint from the absorption of hematoxylin, their appearance similar in hue to nuclei,
making them difficult to differentiate in some cases. As shown in Figure 8, lymphocytes
tend to be smaller, more chromatically dense, and circular. Our goal was to identity the
center of lymphocytes, making this a detection problem. (2) Breast cancer histopatho-
logical images. Breast cancer is the second most common cancer in a woman’s lifetime.
Classical examination methods include screening and biopsy. Compared to mammogra-
phy, histopathologic slides provide more comprehensive diagnostic information [12, 52];
nevertheless, the histopathological image is much more complicated. As Figure 9 shows,
the size and shape of the nuclei are difterent, some nuclei are clustered closely together
and overlap, and there exist some image artifacts in the HE (hematoxylin and eosin)
histopathological image, which will increase the challenge of nuclei detection.

4.2 Performance metrics

Precision (P), recall (R), and Fl-measure (F,) are adopted as the metrics of cell detection
performance, which are given as:

TP
P=— 6
TP + FP )

Table 1 The comparison results of the cell detection on the standard synthetic cell images

Methods Precision (%) Recall (%) F1-measure RF

FCRN-A [46] 99.06 +—0.04 96.71 + —0.67 0.9790 +-0.0033 38
FCRN-B [46] 98.73 +—0.04 96.56 + —0.56 0.9764 +-0.0029 32
Unet-like 99.10 +—0.04 97.15+—0.55 0.9813 +—0.0027 68
Multiscale 4layers 99.24 +—0.04 99.00+-0.31 0.9911 +-0.0014 82
Multiscale x2 4layers 99.25 + —0.04 99.23 +-0.24 0.9924 + —0.0011 108
Multiscale 3layers 99.25 +—0.09 99.02 +-0.28 0.9913 +—0.0010 46
Multiscale x2 3layers 99.23 + —0.09 99.00+-0.31 0.9911 +-0.0012 72
Multiscale 11 9 3layers 99.33 +—0.08 98.89 +—0.23 0.9911 +-0.0008 46
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Table 2 The comparison results of the cell detection on Lymphocyte cell images

Methods Precision (%) Recall (%) F1-measure RF
EMaGACOR [13] 86.00 64.00 - -
LIPSyM [22] 70.21 70.08 0.6984 -
MSER -detector [4] 86.99 90.03 0.8848 -
Janowezyk et al. [2] 87.00+-2.00 93.00+-1.00 0.9000 +—0.0100 -
FCRN-A [46] 85.37+-042 96.04 +—0.15 0.9002 + —0.0028 38
FCRN-B [46] 83.93 +-0.91 96.43 +-0.24 0.8934 + —0.0061 32
Unet-like 85.13+-0.41 96.43+-0.38 0.9006 + —0.0030 68
Multiscale 4layers 86.30+-0.76 95.34+-0.14 0.9017 + —0.0041 82
Multiscale x2 4layers 85.90+—0.86 95.85+-0.69 0.9020 + —0.0045 108
Multiscale 3layers 84.82+—0.56 96.11 +—0.20 0.8974 + —0.0030 46
Multiscale x2 3layers 8520+ -0.52 95.97+-0.36 0.8987 + —0.0017 72
Multiscale 11 9 3layers 84.71+-0.21 96.31+-0.22 0.8977 +-0.0022 46
R—_1P (7)
TP + FN
2XPxR
Fr=—p"—0— (8)
P+R

In the total number of nuclei detected from the proposed method, precision represents the ratio
that exists in the ground truth image. It is also known as the positive predictive value. In the
total number of nuclei present in the ground truth image, the percentage of nuclei detected by
the method is recall. It is also called sensitivity. F'/-measure is computed as the harmonic mean
of precision and recall. 7P represents true positive, /P stands for false positive, and FN stands
for false negative [29].

4.3 Evaluation on synthetic data

We randomly select 100 images of 200 images as training sets to optimize the detection
algorithm, and other images as test sets, are used to evaluate the performance. Randomly
repeated 5 times experiments to calculate the mean and variance are used to evaluate the
performance. During the testing phase, each image is mapped to a density map, and then the
local maximum gives the cell detection of the region (see Figure 10(d)). The study is

(d) cell detection

(a) Lymphocyte cells (b) Annotated density map (C) Estimated density map

Figure 11 Multiscale x2 4layers applied on Lymphocyte cells. (a) Lymphocyte Cells. (b) Annotated density
map of the label image. (¢) Estimated density map. (d) Cell detection for the lymphocyte cell images
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(a) The detection result of im46 (b) The detection result of im53

Figure 12 Multiscale x2 4layers applied on Lymphocyte cells. (a) The detection result of im46. (b) The
detection result of im53

implemented with python on a workstation with Intel(R) Xeon(R) E5-2650 v2 CPU, 32 GB
memory and the GPU is GTX1080. Comparison experiments are carried out between our
proposed methods and the state-of-the-art approaches or models.

As Table 1 shows, FCRN-A performs slightly better than FCRN-B, Unet-like performs a little
bit better than FCRN-A. Our proposed “Multiscale™ series models obtain better performance than
Unet-like, FCRN-A and FCRN-B. The size of the receptive field is more important than being
able to provide more detailed information over the receptive field. Our hypothesis is that real
difficulty of cell counting lies in the regression for large cell clusters, and a larger receptive tield is
needed to span them. From Table 1, we can see that the recall and F1-measure of our proposed
method (e.g., Multiscale x2_4layers) are 2.77% and 1.64% higher than FCRN-B [46], respec-
tively. It is worth noting that for medical diagnosis, even if the diagnostic accuracy increased by
1% is also significant [25]. The performance of FCRN is much better than the state-of-the-art
models [5, 14, 24], so our proposed methods are also better than [5, 14, 24].

(a) Breast histopathological cells (b) Annotated density map (C) Estimated density map (d) Cell detection

Figure 13 Multiscale x2 4layers applied on breast histopathological cells. (a) Breast histopathological cells.
(b) Annotated density map of the label image. (¢) Estimated density map. (d) Cell detection for the breast cancer
histopathological image
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(C) The detection result of C1_S08-
23451 ROI 02 Sub 02 11

(b) The detection result of C1_S08-
15134 ROIL 02 Sub 03 20

(&) The detection result of C1_S08-
12652 ROI 02 Sub 03 21

Figure 14 Multiscale x2 4layers applied on breast histopathological cells. (a) The detection result of C1_S08-
12652 ROI 02 Sub 03 21. (b) The detection result of C1_S08-15134 ROI 02 Sub 03 20. (¢) The detection
result of C1_S08-23451 ROI 02 Sub 02 11

4.4 Evaluation on real data

We also test the proposed methods on real datasets for detection. The proposed models are
tested with two datasets: 1) 99 Lymphocyte cell images, the number of cells per image is about
30. 2) 285 breast cancer histopathological images. Each image contains roughly 35 cells. For
each dataset, randomly repeated 5 experiments to calculate the mean and variance are used to
evaluate the performance. All the cell centers are manually labeled by pathologists.

4.4.1 Lymphocyte cell images

The metrics use to evaluate lymphocyte detection include: 1) precision; 2) recall; and 3) f1-
measure (see Table 2). We test our proposed networks on Lymphocyte cells image for detection.
Here, we only show figures for results from Multiscale x2 4layers model in Figures 11 and 12.
The detection results from the state-of-the-art models (EMaGACOR [13], LIPSyM [22], MSER-
detector [4], Janowczyk et al. [2] and FCRN [46]) and our proposed models are compared to the
manual detection results obtained from an expert clinician. The performances of our proposed
models demonstrate a favorable comparison to the state-of-the-art which show (a) a precision of
86.00% and recall of 64.00% [13]; (b) precision of 70.21%, recall of 70.08% and F1-measure of
0.6984 [22] and (c)precision of 86.99%, recall ot 90.03% and F1- measure of 0.8848 [4].

Table 3 The comparison results of the cell detection of breast cancer histopathological images

Methods Precision (%) Recall (%) F1-measure RF
FCRN-A [46] 75.34 +-1.08 94.56+—0.93 0.8336 +-0.0031 38
FCRN-B [46] 73.06 +—0.62 95.78 +—0.26 0.8241 +-0.0045 32
Unet-like 76.04 +—0.9 9431 +-0.89 0.8366 +—0.0025 68
Multiscale 4layers 77.59 +—-1.05 93.10+-1.08 0.8411 +—-0.0030 82
Multiscale x2 4layers 78.41 +-1.26 92.61 +-1.37 0.8440 + —0.0021 108
Multiscale 3layers 76.39+-0.82 93.50 +-0.66 0.8350 +—0.0028 46
Multiscale x2 3layers 77.00+-1.11 93.54 +-0.99 0.8392 + —0.0036 72
Multiscale 11 9 3layers 76.00 + —0.87 94.08 +—0.39 0.8351 + —0.0041 46
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Figure 15 The performance of Unet-like model with different input images. (a) Precision of Unet-like model as
a function of the number of feature maps. (b) Fl-measure of Unet-like model as a function of the number of
feature maps

The performance of lymphocyte detection in [2] is almost the same level with our proposed
models, but the literature obtained the results through a five steps pipeline ((1)patch extraction,
(2)cross-validation creation, (3)database creation, (4 training of DL classifier and (5)generating
output on test images), which is much more complex than our models. To increase the predictive
power of the system, Janowczyk and Madabhushi [2] also artificially resize the Iymphocytic
images to be x4 as large, so that the entire input space, when centered around a lymphocyte,
contains lymphocyte pixels, allowing more of the weights in the network to be useful.

As the dataset shown, These images contain breast tissue with lymphocytic infiltration
stained with Hematoxylin and Eosin (H and E) and digitized at 20x, with the spatial resolution
of each image being 100 x 100. The average size of a lymphocyte is approximately 10 pixels
in diameter, that’s why the FCRN-A and FCRN-B [46] can obtain almost the same good
performance as our proposed models with relatively small receptive field.

In lymphocyte detection result, green dots are the true positive (TP), red dots are the false
positive (FP), and yellow dots are the false negative (FN) (see Figure 12). The image on the

Table 4 The performance of Unet-like model with different input images. (before processing and after
processing of the label images)

Nb of  Before processing of the label images After processing of the label images
filter
Precision (%)  Recall (%) F1-measure Precision (%) Recall (%) F1-measure

64 7540+-1.68 933+-0.66 0.8269+-0.0095 76.45+-0.79 9352+-1.21 0.8366+-0.0021
56 75.54+-226 9291+-0.89 0.8257+-0.0125 76.04+-090 9431+-0.89 0.8366+-0.0025
48 T5.06+—-141 92.75+-0.75 0.8228+—0.0075 75.76+-045 94.20+-0.81 0.8352+—-0.0017
40 T4.15+-249 9326+-04 08173+-0.0179 75.18+-1.72 94.85+-1.23 0.8335 +—-0.0063
32 71.86+-6.47 93.58+-0.49 0.7996+—0.0532 75.12+-3.30 94.57+-2.11 0.8311 +-0.0135
24 68.81 +-10.76 94.08 +-1.28 0.7777+-0.0906 74.52+-2.85 9530+-1.02 0.8309 +-0.0153
16 65.06+-17.53 94.04+-1.64 0.7385+—0.1652 74.38+-2.24 95.00+-1.32 0.8285+-0.0094
8 43.92+-10.19 98.08+—-1.22 0.5875+-0.0894 72.83+-0.57 9556+-0.21 0.8210+-0.0034
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left (Figure 12(a)) has 25 TP/2 FP/1 FN. The false positives are on the edges, about 1 o’clock
and 3 o’clock. We can see the false negative is quite small and not very clear, making it hard to
detect it without encountering many false positives. The image on the right (Figure 12(b)) one
has 60 TP/21 FP/1 FN. We can see the false negative is merge with the neighbor cell and
almost become a whole cell that make it hard to detect. The false positives are quite a few,
there are mainly two reasons: the first is that almost 10 false positives are on the edges in this
image; the second is that the others 11 cells are false positives though their structures do look
“lymphocyte-like”.

4.4.2 Breast cancer histopathological images

We randomly select 160 images of the entire 285 images as training sets to optimize the
detection algorithm, and other images as test sets, are used to evaluate the performance. Here,
we only show figures for results from Multiscale x2_4layers model in Figures 13 and 14. The
comparison performances of the cell detection of breast cancer histopathological images are
shown in Table 3. From Table 3, we can see that the precision and F1-measure of our proposed
method (e.g., Multiscale x2 4layers) are 5.35% and 1.99% higher than FCRN-B [46],
respectively. It is worth noting that for medical diagnosis, even it the diagnostic accuracy
increased by 1% is also significant [25].

The performance of our proposed four layer “Multiscale” series models is slightly better but
almost the same level with three layer “Multiscale” series models. The size of the receptive
field is more important than being able to provide more detailed information over the receptive
field. Our hypothesis is that real difticulty of cell counting lies in the regression for large cell
clusters, and a larger receptive field is needed to span them.

In breast cancer histopathological cells detection result, green dots are the true positive
(TP), red dots are the false positive (FP), and yellow dots are the false negative (FN). The
image on the left (Figure 14(a)) has 27 TP/4 FP/1 FN. We can see the false negative is on the
edge of the image and the boundary of a cell is not very clear making it hard to detect it. The
structures of the false positives are look “cell-like”, especially the one near the center of the
image. The image in the middle (Figure 14(b)) one has 41 TP/9 FP/2 FN. False negatives are
the same thing with the left image (Figure 14(a)) and almost all the false positives are look
“cell-like”. The image on the right (Figure 14(c)) one has 23 TP/2 FP/1 FN. We can see the
boundary of a false negative is not very clear and the staining is junior making it hard to detect.
The false positives are also look “cell-like™.

From an overall perspective, we can see Figure 14 (a-c) vary largely with different stains,
size of the cell, inhomogeneous intensities, background clutters and overlap issue. We obtain a
promising result thanks to the multi-scale features and some tricks (e.g., skip, data augmen-
tation, data preprocessing) in the multi-scale fully convolutional neural networks.

We also explore the interaction between the detection performance and the number of
feature maps in fully convolutional neural networks. The result is shown in Table 4 and
Figure 15. It can be seen that with the increase ot the number of feature maps, the performance
will increase and remain stable after the number is 56. In fact, when the number of feature
maps is equal to 40, it begins to get a relatively good F1-measure. That is to say, the network is
robust when the number of feature maps is in a wide range. At the same time, we can reach a
promising and stable detection performance with a small number of feature maps when feeding
the label images after preprocessing as inputs, that will reduce the inference time by a large
margin and be good for embedded implementation.
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5 Conclusions

In this paper, we propose several multi-scale fully convolutional neural networks models that
are able to robustly and accurately detect the nuclei in pathology and microscopy images. The
multi-scale feature maps will enlarge the receptive field and not only can detect the single,
small size cells, but also benefit to detecting cells with big size and overlapping state.
Compared with previous methods which need carefully designed features and combination
strategies, the proposed feature learning method is easy to implement and reproduce. Since the
networks are completely convolution, they can predict density maps for the input images with
arbitrary sizes. To improve the detection performance of the networks, some data augmenta-
tion techniques are employed and regression of the proposed structured proximity space for
patches is performed. The proposed algorithm is a general method and can be used for many
detection applications. Both qualitative and quantitative experimental results show that our
method is superior to several state-of-the-art approaches.
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