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Abstract—An algorithm based on a deep probabilistic architecture referred to as tree-structured sum-product network (t-SPN)
is considered for cells classiﬁcation. The t-SPN is a rooted acyclic
graph constructed as a tree of several sum-product networks
where each network is constructed over a subset of most confusing
class features. The constructed t-SPN architecture is learned by
maximizing the margin which is deﬁned to be the difference in the
conditional probability between the true and the most competitive
false labels. To enhance generalization, -regularization (REG)
is considered along with the maximum margin (MM) criterion
in the learning process. To highlight cell features, this paper
investigates the effectiveness of two generic high-pass ﬁlters:
ideal high-pass ﬁltering and the Laplacian of Gaussian (LOG)
ﬁltering. On both HEp-2 and Feulgen benchmark datasets, the
t-SPN architecture learned based on the max-margin criterion
with regularization produced the highest accuracy rate compared
to other state-of-the-art algorithms that include convolutional
neural network (CNN) based algorithms. Ideal high-pass ﬁlter
was more effective on the HEp-2 dataset which is based on immunoﬂuorescence staining while the LOG was more effective on
Feulgen dataset which is based on Feulgen staining.

duction of the indirect immunoﬂuorescence (IIF) and Feulgen
staining methods, one effective means of diagnosis is to look

Index Terms—t-SPNs, sub-SPNs, maximum margin, confusing
classes.

I. INTRODUCTION

S

TUDIES estimate prevalence of a broad group1 of autoimmune diseases2 to be over 3%, and for effective treatment of these diseases, early and accurate diagnosis can significantly improve survival rate and quality of life. With the intro-
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system producing antibodies against healthy cells

Fig. 1. Samples of the two most confusing classes in each benchmark dataset:
HEp-2 dataset (a) vs. (b); Feulgen stained dataset (c) vs. (d). (a) Fine speckled.
(b) Homogeneous. (c) Dystrophic mesothelial. (d) Normal mesothelial.

for antinuclear antibodies. However, this is a time-consuming
and labor-intensive task requiring the expertise of an experienced pathologist. This may change with the advancement of
computer-aided diagnosis (CADx) founded on state-of-the-art
image processing and machine learning techniques as it offers
the possibility of automating the task of cell classiﬁcation with
a computer program. In fact, the incorporation of advanced machine learning techniques in CADx is poised to revolutionize
how histopathology is conducted.
Aside from any limitation associated with size and vagueness
in biological patterns, cell classiﬁcation accuracy is hindered
by systematic limitation pertaining to the staining method:
there is a large variance in captured cell images, due to imprecise, nonuniform and uncontrollable environmental conditions
[6] related to slide preparation, conjugate speciﬁcity and the
efﬁciency of the ﬂuorescent microscope, thereby making
cell classiﬁcation a challenging problem. The issue can be
further complicated by the photo-bleaching effect of a light
source irradiating the cells over a short time with inconsistent
illumination [17].
Both biological and systematic limitations lead to low contrast in the cell images: cell boundaries appear indistinct, leading
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to cell appearance and structure that are difﬁcult to discriminate. Fig. 1 shows captured cell images of Human Epithelial
Type 2 cells (HEp-2 cells) with dense, ﬁne-speckled pattern
(Fig. 1(a)) and with homogeneous patterns (Fig. 1(b)). These
two images appear similar and are particularly difﬁcult to distinguish. The Feulgen stained images (where chromatin takes
a stoichiometric pink color while cytoplasm is not colored) of
dystrophic mesothelial (Fig. 1(c)) and normal mesothelial cell
classes (Fig. 1(d)) appear similar and are difﬁcult to discriminate, even for a human expert.
To overcome the above limitations, past research in CADx
has predominantly been focused on discovering robust and discriminative features for cell classiﬁcation. Features based on
both hand-crafted as well as learned features have been developed. In [10], a dictionary learning strategy was adopted for
sparsely representing cell images. In [13], the winner of the
ﬁrst HEp-2 Cell Classification Contest [6], a rotation invariant
co-occurrence among adjacent local binary patterns (RIC-LBP)
which is invariant to local and global rotations while being robust against uniform changes in intensity was considered. In
[18], a discriminative sparse representation that combines an enhanced version of two well-known descriptors—scale-invariant
feature transform (SIFT) and LBP—was considered. Features
learned based on deep architecture, in particular, the convolutional neural networks (CNN), have also been effective. In [2],
a multi-scale CNN (MCNN) that uses a multi-scaled input of
Feulgen stained cell images is proposed. In all these methods,
classiﬁcation is based on maximizing individual class probability rather than improving discriminability among confusing
cell classes.
Based on existing features [3] previously proposed, this paper
proposes a deep probabilistic architecture referred to as the treestructured sum-product networks (t-SPN) for cell classiﬁcation.
Measures are taken both at the design and learning stages of the
t-SPN to achieve high cell classiﬁcation accuracy. A t-SPN is
constructed based on several small-size SPNs of the most confusing cell classes, and it allows cell classiﬁcation to be performed in stages, such that the most discernible to the least discernible subsets of cell classes are classiﬁed when going from
the root to the leaves of the tree. To further enhance its discriminating ability, the t-SPN structure is learned via the maximum
margin (MM) criterion, and in addition -regularization is considered to improve generalization. The paper also studies the effectiveness of two popular ﬁltering methods to improve robustness against low contrast in captured cell images. Initial studies
show that cell classiﬁcation based on different forms of staining
given differing cell classes requires speciﬁc ﬁltering to highlight
the various characteristics of the captured images.
This paper is organized as follows. In Section II, SPN
is brieﬂy reviewed, and the concept of sub-SPNs of confusing classes within the framework of t-SPNs is described.
Section III introduces max-margin (MM) learning with -regularization (REG). Section IV reviews a feature extraction
method previously proposed [3]. It also reviews two generic
high-pass ﬁltering methods. Section V describes experiments to
compare the performance of t-SPN against other state-of-the-art
algorithms and investigates the effectiveness of two ﬁltering
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methods. Finally, Section VI concludes and summarizes the
paper.
II. SUM-PRODUCT NETWORKS
A graphical architecture referred to as SPN which possess
properties that allow partition function and marginals to be obtained in a simple manner has shown great potential in various
areas, particularly in image classiﬁcation, and it is brieﬂy reviewed in Section II-A. This is followed by an introduction to
a particular SPN architecture referred to as t-SPN which is constructed for the purposed of classiﬁcation. In Section II-B, the
proposed t-SPN incorporating the divide-and-conquer type of
philosophy into classiﬁcation such that the most discernible to
the least discernible subset of cell classes can be classiﬁed is
presented. Section II-C discusses a learning paradigm referred
to as the margin maximization (MM). It is generally understood
that MM performs better than maximum likelihood which is liable to overﬁt the architecture for limited dataset size.
A. Sum-Product Networks
A SPN is a rooted directed acyclic graph composed of both
sum and product nodes with input and output variables respectively at the leaves and root. Fig. 2 shows an example of a SPN
over two Bernoulli distributed binary input variables and
which might be observed from a sample that belongs to either one of two classes: for binary classiﬁcation with one-hot
encoding
and
are respectively
Bernoulli distributed with probability 0.9 and 0.1 for
and probability 0.5 and 0.3 for
. Except when evaluating the partition,
and
. The partition
function can be obtained from the network by setting all inputs
3 and
to unity such that
, and
in the example considered, the partition function happens to be
unity. It should also be noted, as shown in the ﬁgure, each layer
is constructed solely on one type of node (sum or product). The
edges entering the sum nodes are assigned non-negative weights
while the edges to the product nodes are assigned unity. The sum
node outputs the weighted sum of its inputs while the product
node outputs the product of its inputs. The weights assigned to
the root sum node can be interpreted as the unnormalized class
prior probabilities while the weights assigned to the leaves of
the sum node of the base layer can be interpreted as the unnormalized conditional likelihood of the input variables.
Depending on the class label
and
, the root sum node outputs the marginals and
partition function. The probability of evidence
for instance can be computed by performing a bottom-up
evaluation of a valid SPN with
.4
As shown in Fig. 2, for
, the probability of
evidence from the ﬁrst class is given as
while the probability of evidence from the
second class is given as
.
B. Sub-SPNs for Confusing Classes
The philosophy of divide-and-conquer is incorporated into
the SPN architecture such that classiﬁcation can be conducted
3

denotes that all elements in

take the value 1.

4A SPN is valid when it always correctly computes the probability of evidence

and is complete and consistent.
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Fig. 2. An example of a SPN S over Bernoulli distributed variables
is shown such that
where

and

is an instance of

and

.

in stages: the most discernible to the least discernible subsets of
classes are classiﬁed.
For a given confusion matrix of all the classes involved, a
number of sub-SPNs, each over non-overlapping pair of most
confusing classes, are constructed according to the previously
proposed SPN framework. Then based on confusion matrix with
confusing class pairs combined as a single class, larger subSPNs are constructed by integrating pairs of sub-SPNs of subset
of classes most likely to be confused. This process is iterated
with the confusion matrix of larger subset of combined classes.
When there is no subsets to combine, construction of t-SPN is
complete. In Fig. 3, two SPNs representing traditional and the
t-SPN are compared for understanding the beneﬁt of using the
t-SPN.
Both SPNs represent the marginals as well as the partition
function of the two input variables and obtained from one
of three classes
. The t-SPN shown
in the ﬁgure is a valid SPN: all children of a sum node have the
same scopes (complete) and under a product node, no variable
which appears negated as a child node is not negated in the other
(consistent). The t-SPN is decomposable, which is somewhat
more restrictive than the consistency property since the scopes
of the children at each product node are disjoint.
In Fig. 3(a), the unnormalized prior of the classes are
and
. For input variable
taking on value
, the unnormalized class probabilities of
the evidence are
, and
. For
, the
tight margin between
and
does not allow much room for error in parameter estimation
and feature extraction. This is in fact true for other instances,
and it is determined that classes
and
are the most indiscernible.
In the t-SPN shown in Fig. 3(b), a sub-SPN is constructed involving the two most indiscernible classes
and
, and this sub-SPN is combined with class
to form the t-SPN shown in the ﬁgure. The unnormalized prior
of the class
is given as
while
the joint prior of
and
is given as
. The unnormalized class probabilities of the evidence
are

Fig. 3. An example comparing traditional SPN and t-SPN with two inputs
and for three class classiﬁcation task. (a) An example of traditional SPN with
two Bernoulli distributed input variables and . (b) An example of a t-SPN
with two Bernoulli distributed input variables and .

, and
. For
, the tight margin observed between
and
with the SPN shown in Fig. 3(a) can be considered instead by a larger margin between them with the t-SPN
shown in Fig. 3(b).
C. Learning SPNs
The proposed t-SPN is a special case of the traditional SPN
and can be learned based on the soft gradient-based algorithm
previously proposed. Let
be the unnormalized conditional probability of class
and evidence
. The gradient descent method
can be
used to update the parameters of SPNs and to maximize the conditional log-likelihood (CLL) where the normalized probability
of
with the partition function is represented by
. Here
and are respectively the weight of SPNs, iteration counter, learning rate, the
th sample, and output label of . Based on marginal inference, the soft gradient of CLL is derived as follows:

(1)
where
bottom-up.

and

can be computed from
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The partial derivatives with respect to can be evaluated by
backpropagation. For the th sum node with the th product node
as a child,
and
where
is the weight between the th sum node and the th child.
For the th product node with the th child,
where
are the children of parent
presents that the node is excluded
(product) node and
from the calculation.
When all sum nodes are replaced by max nodes, leading to the
construction of the max-product network (MPN), the hard gradient based approach can be used to train the MPN architecture
to overcome the gradient diffusion problem well understood in
the deep neural network community. It is generally known that
the MPN trained based on hard gradient-based algorithm performs better than the SPN trained based on soft gradient algorithm [7]. The gradient of the CLL with hard inference using
max nodes is given by replacing with
in Eq. (1) as follows:
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Fig. 4. Hinge loss and square hinge loss as a function of .

, the max function can be approximated by the softmax
,
function such that
where
is a nonnegative function [15]. The approximated
differentiable multi-class log margin
can be redeﬁned by
the softmax function as

(2)
where
The value of MPNs can be represented as
is a set of weights which appear in all the branching paths,
and
is the number of times
appears in
. The partial derivative of MPN with respect to
is
.
III. DISCRIMINATIVE MAXIMUM MARGIN LEARNING
OF SUM PRODUCT NETWORKS
To derive an effective learning framework for SPN to be used
for classiﬁcation, Section III-A introduces an objective function
based on multi-class margin. Section III-B discusses the details
regarding stochastic gradient descent (SGD) based on the proposed objective function.
A. Maximum Margin Objective Function
A margin based objective function is introduced for learning a
SPN. The objective function consists of a margin, a square hinge
loss, and a regularization term. The square hinge loss is modiﬁed
for both differentiability and improving generalization.
As a framework for learning a Bayesian Network (BN), the
max-margin based on multi-class margin [9] has shown great
promise for classiﬁcation. Here, the margin can be deﬁned as
the conditional probability difference between the true label and
the most competitive label. The margin
of the th training
sample
can be deﬁned using multi-class margin [14] as

(3)
When the margin
, the th sample is correctly classiﬁed;
otherwise, the sample is misclassiﬁed.
The max function in Eq. (3) does not lead to a differentiable
multi-class margin . It is observed that for some constant

(4)
It is desirable that the partial derivative of the objective func; otherwise,
tion with respect to the weight be zero when
the weight should be updated in the direction of
increase.
This is satisﬁed by the hinge loss deﬁned as
and shown in Fig. 4. Here
where is the scaling
parameter. Notice that this hinge loss is nondifferentiable at
. A differentiable relative of the hinge loss referred
to as differentiable square hinge loss is given as
(5)
The square hinge loss imposes greater loss to samples below
the margin than the differentiable smooth hinge loss proposed
by Pernkopf et al. [14]. The proposed objective function based
on the square hinge loss for maximizing the margin is deﬁned
in Eq. (5) as follows:
(6)
where is the trade-off parameter and
. It
should be noted that Eq. (6) is differentiable, and therefore SGD
can be used.
B. Maximum Margin Based Learning of t-SPNs
The weights are updated to maximize the margin with regularization given by Eq. (6) using based on SGD such that
where and are respectively the iteration counter and learning rate. The derivative of the objective
function is given by

(7)
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Fig. 5. Feature extraction with ﬁltering: from
matrix.
max pooling is performed to obtain

image,

number of patches are extracted and these are clustered into

where

(8)
The partial derivative of SPN with respect to a weight in the
lower layer is obtained by backpropagation (Section II-C).
IV. DISCRIMINATIVE FEATURE EXTRACTION
As mentioned earlier, this paper proposes a deep architecture
referred to as the t-SPN for cell classiﬁcation based on an existing feature previously proposed. This section will review the
feature extraction method considered in [3] for cell classiﬁcation. The feature extraction takes high-pass ﬁltered image as
input, and this section will investigate the effectiveness of two
generic high-pass ﬁlters.
A. Filtering for Discriminative Features
As mentioned earlier due to biological and systematic limitations, cell images captured by a reading system are generally of
low contrast, and this is a major cause for misclassiﬁcation. In
the hopes of improving the sharpness, cell images are high-pass
ﬁltered to accentuate granular, dot, skeleton patterns and textures. This paper investigates the effectiveness of two generic
ﬁltering methods, and preliminary results suggest that different
staining would require a different ﬁlter.
B. Feature Extraction with Filtering
The feature extraction basically follows the sequential approach proposed by Coates et al. [3] with some modiﬁcation for
cell classiﬁcation. Fig. 5 shows how the features are extracted.
(1) Training data and testing data sets are converted into square
images by ﬂipping the edges of the images. Training set is augmented with rotations of multiples of 10 . The square images

is centroids, and for each centroid

size to compare with other
are resized to images of
algorithms where
is the width of the images and
is the
height of the images. (2) The square images are high-pass ﬁltered to accentuate the texture information. (3) 400,000 patches
of size 6 6 are randomly extracted from the ﬁltered training
sets instead of striding. The patches are further processed by
ZCA whitening [1], which is commonly used in deep learnings [11], followed by normalization. K-means clustering for 50
rounds generates
random patch centroids denoted as in the ﬁgure. (4) Based on the centroids, the features
of each image from the training and testing sets are computed:
6 6 size patches are extracted from the ﬁltered image with
stride 1 denoted as in the ﬁgure. (5) The mapping features
are computed for
. The mapping
features are rectiﬁed at its mean:
is computed where
is the mean of the . Throughout this
process, the mean of the -dimensional feature is shifted to the
origin. The values are then rectiﬁed into a
feature matrix. Finally, max pooling is performed
on the feature matrix, producing a
feature matrix corresponding to the evidence . In the experiment, 8 8 1600
sized features are used.
V. EXPERIMENTS
This section summarizes experimental results performed on
two benchmark datasets. It also describes the details of the different high-pass ﬁlters used on each dataset prior to feature extraction. The details of SPN architectures are also described in
detail in Section V-B. Performance of the SPN architecture is
evaluated with and without regularization, and it is compared to
other state-of-the-art algorithms not based on SPN.
A. Datasets
The datasets are prepared for discriminatively training SPNs
in a sequential manner. The augmented square HEp-2 cell images are resized to 96 96, which is found in practice to be
a good default setting. The square Feulgen stained cell images
are resized to 80 80 for fair comparison with CNN [2]. Each
dataset is high-pass ﬁltered (HPF).
HEp-2 cells: HEp-2 dataset is one of the most widely used
datasets in cell classiﬁcation, as Indirect Immunofluorescence
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Fig. 6. Examples of square HEp-2 cell images shown in 3D of surf, Matlab.
(a) Centromere. (b) Coarse speckled. (c) Cytoplasmic. (d) Fine speckled.
(e) Homogeneous. (f) Nucleolar.

(IIF) is increasingly becoming important in the diagnosis of several autoimmune diseases. The HEp-2 dataset5 is the ofﬁcial
benchmark of the ﬁrst HEp-2 Cell Classification Contest [6].
Here, 1,455 cells are selected from 28 images with a resolution
of 1,388 1,038 pixels and are split into 721 training and 734
test single-cell images. The HEp-2 dataset consists of six different classes with two intensity levels (intermediate and positive labels [5]). Fig. 6 shows the representative square HEp-2
cell image classes. The classiﬁcation using SPN is based on
grayscale (green) images without intensity information.
An ideal rectangular high-pass ﬁlter (iRHF) similar to that
described in [8, pp. 182] can be used to sharpen the staining
patterns of HEp-2 cell images. Fig. 6 and Fig. 7 respectively
show cell images before and after ﬁltering. The frequency reof iRHF is shown in Fig. 8:
sponse
when
; otherwise,
is . Here
is the distance from the origin, and
is the cut-off
frequency with
where
is the size of
the cell image.
Fig. 7 shows high-pass ﬁltered images in 3D. A centromere
cell image shown in Fig. 7(a) is characterized by discrete
speckles distributed throughout the interphase nuclei and
characteristically found in the condensed nuclear chromatin
in comparison with that in Fig. 6(a). A coarse speckled cell
image shown in Fig. 7(b) reveals distinct coarse granular
nuclear staining of the interphase cell in comparison with that
in Fig. 6(b). A cytoplasmic cell image shown in Fig. 7(c) is
represented by ﬁne ﬂuorescent ﬁbers in comparison with that
in Fig. 6(c). A ﬁne speckled cell image shown in Fig. 7(d) in
comparison with that in Fig. 6(d) makes the visualization of
the ﬁne granular nuclear staining of the interphase cell nuclei
clearer. A homogeneous cell image shown in Fig. 7(e) shows
only a distinctive solid staining of the entire nucleus of interphase cells in comparison with that in Fig. 6(e). A nucleolar
cell image shown in Fig. 7(f) is represented by clear clustered
5http://mivia.unisa.it/datasets/biomedical-image-datasets/hep2-imagedataset/
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Fig. 7. Examples of HEp-2 cell images with high-pass ﬁlter shown in 3D of
surf, Matlab. (a) Centromere. (b) Coarse speckled. (c) Cytoplasmic. (d) Fine
speckled. (e) Homogeneous. (f) Nucleolar.

Fig. 8. An ideal rectangular high-pass ﬁlter.

large granules in the nucleoli of interphase cells in comparison
with that in Fig. 6(f). In particular, Fig. 7(d), (e), and (f) are
more distinctive prior to the ﬁltering each cell image.
Feulgen stained cells: Buyssens et al. [2] studied the classiﬁcation of Feulgen stained cells. The dataset6 is available
for academic purposes. Feulgen stained cells are composed
of six different classes with 215 abnormal mesothelials,
209 dystrophic mesothelials, 201 normal mesothelials, 195
macrophages, 198 polynuclears, and 196 lymphocytes, as
shown in Fig. 9. The performances of the classiﬁcation are
measured by using a 10-fold cross-validation with 3 RGB
channels.
Feulgen stained cell images are ﬁltered by the Laplacian of
Gaussian (LOG) ﬁlter ([8], pp. 581). The frequency response
resembles a 2D Gaussian distribuof the LOG ﬁlter
tion, and it reduces noise but also smooths the image. Filtered
and a 5 5
Feulgen images are obtained with sigma
mask. Figs. 9 and 10 show Feulgen images and LOG ﬁltered
cell images in 3D grayscale. The ﬁltered cell images reveal
their edge structures as components of high frequency that
can be used for discriminative features. The lymphocyte cell
image as shown in Fig. 10(c), the macrophage cell image as
shown in Fig. 10(d), and the polynuclear cell image as shown
in Fig. 10(f) fall under more distinct classes due to their low
frequencies and contours of the cell images in comparison with
others, as shown in Fig. 9(c), (d), and Fig. 9(f). The abnormal
6https://sites.google.com/site/pierrebuyssens/cells-database
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Fig. 9. Examples of Feulgen stained cell images shown in 3D of surf, Matlab.
(a) Abnormal mesothelials. (b) Dystrophic mesothelials. (c) Lymphocyte.
(d) Macrophages. (e) Normal mesothelials. (f) Polynuclear.

Fig. 11. Two SPN architectures for cell classiﬁcation. (a) Traditional SPN.
(b) t-SPN.

Fig. 10. Examples of Feulgen stained cell images with LOG ﬁlter shown in
3D of surf, Matlab. (a) Abnormal mesothelials. (b) Dystrophic mesothelials.
(c) Lymphocyte. (d) Macrophages. (e) Normal mesothelials. (f) Polynuclear.

mesothelial cell image (Fig. 10(a)), the dystrophic mesothelial
cell image (Fig. 10(b)), and the normal mesothelial cell image
(Fig. 10(e)) are more clearly depicted with the components
of high frequencies in comparison with others, as shown in
Fig. 9(a), (b), and (e).

in the training stage. For all the experiments performed,
, and
.
subsets of
For the t-SPNs, it is assumed that there are
confusing classes. For the HEp-2 dataset,
: ﬁnd speckled,
homogeneous, and nucleolar classes are equally confused and
a single sub-SPN is constructed for these three classes. For the
: dystrophic mesothelials and normal
Feulgen dataset,
mesothelials are confused and a single sub-SPN is constructed
for these two. To evaluate the performance of the learning
for the HEp-2 dataset and
algorithm with REG,
for the Feulgen stained dataset.

B. Experimental Setup

C. Experimental Results without using any Regularization

dimensional input feature
For classifying
described in Section IV-B, two SPNs—traditional and
t-SPN—are shown in Fig. 11. As shown, there are branches
entering the root sum node, and each is associated to a different
. There are also
parts associated
class
denote the th part of the th
with each class such that
class, and there are mixtures associated with each part. For
each part, there are
locations for extracting the features. At each
location of
the image,
is performed
and evidence
—both are of
with learned SPN weights
equal dimension of
. Here
and
. Also, the weights are initially set to

To determine the effectiveness of t-SPN, MM and the two
ﬁlters—ideal rectangular high-pass ﬁlter (HPF) and Laplacian
of Gaussian (LOG)—four methods listed in Table I(a) are
compared on two benchmark datasets: HEp-2 and Feulgen
stained datasets. Table I(a) presents performance results of the
four methods used in conjunction with one of the two ﬁlters. On
the HEp-2 dataset, experimental results using HPF are superior
to those without using the HPF. On the Feulgen stained dataset,
similar experimental results were observed using the Laplacian
of Gaussian ﬁlter. Both HPF and LOG ﬁlters help in improving
the discriminability of the dictionary features and ultimately
lead to higher classiﬁcation accuracy. As shown in Table I,
ﬁltered input, max-margin learning, t-SPN and regularization
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TABLE I
COMPARISON OF TEST ACCURACY OF THE PROPOSED METHODS: FILTERING,
REGULARIZATION, AND SPNS ON TWO DATASETS. (A) ACCURACY
COMPARISON OF TWO DIFFERENT SPN STRUCTURES LEARNT WITH TWO
DIFFERENT OBJECTIVE FUNCTIONS WITHOUT ANY REGULARIZATION. (B)
ACCURACY COMPARISON OF TWO DIFFERENT SPN STRUCTURES LEARNT WITH
TWO DIFFERENT OBJECTIVE FUNCTIONS WITH REGULARIZATION.

Fig. 12. Effectiveness of the t-SPNs MM with HPF on HEp-2 dataset where
Ce:Centromere, CS:Coarse speckled, Cy:Cytoplasmatic, FS:Fine speckled,
H:Homogeneous, and N:Nucleolar. (a) SPNs w/HPF. (b) SPNs MM w/HPF.
(c) t-SPNs w/HPF. (d) t-SPNs MM w/HPF.

tend to improve accuracy. The algorithm based on ﬁltered
input on t-SPN learned based on max-margin learning with
regularization performed the best.
As shown in Fig. 12 and Fig. 13, the confusion matrices obtained from the four baseline experiments reveal the classes that
t-SPN+MM was most effective. As shown in Fig.12(a), using
SPN learned based on CLL, ﬁne-speckled (FS) is often confused
with homogeneous (H) and centromere (Ce) but using MM, confusion between FS and H is reduced as shown in Fig. 12(b).
From Fig. 12(c) and Fig. 12(d), we observe that using t-SPN instead of SPN leads to higher accuracy. As shown in Fig. 13(a),
using SPN learned based on CLL, normal mesothelials (NM)
is often confused with dystrophic mesothelials (DM), but using
SPN learned based on MM, this confusion is reduced as indicated by Fig. 13(b). From Fig. 13(c) and Fig. 13(d), we observe
that t-SPN and MM lead to higher accuracy than SPN and CLL
respectively.
D. Experimental Results with Regularization
The effectiveness of the regularization term in Eq. (6) is
observed on both the HEp-2 dataset using HPF with regularand the Feulgen stained dataset
ization parameter
. Table I(b) shows the results
using LOG ﬁlter with
of the evaluation. The performances of all four experiments
with regularization surpass those without it. Performance on
HEp-2 dataset increases approximately by 1% on an average,
and an accuracy of 79.6% using t-SPNs MM REG/w HPF
is better than any other methods evaluated. Albeit smaller,
performance improvement is also observed on the Feulgen
stained dataset with best performance of 92.8% achieved with
t-SPNs MM REG with LOG ﬁlter. Generalization of the
algorithm is further improved with REG, and this can be conﬁrmed with comparing the confusion matrices. The accuracy

Fig. 13. Effectiveness of the t-SPNs MM with LOG ﬁlter on Feulgen
stained dataset where AM:Abnormal mesothelials, DM:Dystrophic mesothelials, Ly:Lymphocyte, Ma:Macrophages, NM:Normal mesothelials, and
P:Polynuclear. (a) SPNs w/LOG. (b) SPNs MM w/LOG. (c) t-SPNs w/LOG.
(d) t-SPNs MM w/LOG.

improvements can be observed by comparing the confusion
matrices based on REG as shown in Fig. 14 and those not based
on REG as shown in Fig. 12. Clearly, t-SPNs MM REG with
HPF decreases the overall misclassiﬁcation rates of the FS, H,
and N classes in the HEp-2 dataset, as shown in Fig. 14(c) and
(d). Fig. 15 shows the confusion matrices of the results on the
Feulgen stained dataset. SPNs induce the most enhancement
with REG. In Fig. 15(a), the classes AM, DM, Ly, and NM are
more generalized than those in Fig. 13(a). In Fig. 15(b), (c),
and (d), the improvements are small in comparison with those
in Fig. 13.
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Fig. 16. The performances of the fused (SRC) and human expert on HEp-2
dataset where Ce:Centromere, CS:Coarse speckled, Cy:Cytoplasmatic, FS:Fine
speckled, H:Homogeneous, and N:Nucleolar. (a) Fused (SRC) proposed by
Theodorakopoulos et al. [18]. (b) Human expert [4].
TABLE II
COMPARISON OF TEST ACCURACY WITH OTHER ALGORITHMS ON TWO
DATASETS. (A) TEST ACCURACY ON HEP-2 DATASET. (B) AVERAGED
TEST ACCURACY ON FEULGEN STAINED DATASET
Fig. 14. Effectiveness of the t-SPNs MM REG with HPF on HEp-2
dataset where Ce:Centromere, CS:Coarse speckled, Cy:Cytoplasmatic,
FS:Fine speckled, H:Homogeneous, and N:Nucleolar. (a) SPNs REG
w/HPF. (b) SPNs MM REG w/HPF. (c) t-SPNs REG w/HPF.
(d) t-SPNs MM REG w/HPF.

Fig. 15. Effectiveness of the t-SPNs MM REG with LOG ﬁlter on
Feulgen stained dataset where AM:Abnormal mesothelials, DM:Dystrophic
mesothelials, Ly:Lymphocyte, Ma:Macrophages, NM:Normal mesothelials,
and P:Polynuclear. (a) SPNs REG w/LOG. (b) SPNs MM REG w/LOG.
(c) t-SPNs REG w/LOG. (d) t-SPNs MM REG w/LOG.

E. Comparison with Other Algorithms
The performances of t-SPN based algorithms are compared
to those of other algorithms. Table II(a) shows test accuracy
results on the HEp-2 dataset. The proposed algorithm outperforms other state-of-the-art algorithms including that by
Theodorakopoulos et al. [18], human expert [4] as well as
all participants: Xiangfei et al. [10], Nosaka et al. [13] of
the HEp-2 Cell Classification Contest [6]. Fig. 16 shows the
confusion matrices for the performances of the fused (SRC)
proposed by Theodorakopoulos et al. [18] and the human
expert [4]. Comparing Fig. 12(d) to Fig. 16(a) and (b), the
accuracy of t-SPNs MM REG w/HPF outperforms that of
the fused (SRC) except for cell classes CS and Cy, and it is

better than that of the human expert for Ce, H, and N classes.
This result indicates the potential of the t-SPNs MM REG
w/HPF as an effective cell classiﬁer. With regard to the Feulgen
stained dataset, Table II(b) compares the performance of the
t-SPN based classier to those of CNN models proposed by
Buyssens et al. [2]. The performance of t-SPNs MM REG
w/LOG is better than that of CNN models with single scaled
input images, but slightly lower than those of multi-scale CNN
. The basic assumption of
(MCNN) and wMCNN/w
MCNN is that the lowest resolution may be less salient than the
full resolution. With this assumption, the error rates of CNNs
decrease with increase in input resolution. As for MCNN, it
makes its decision based on several CNNs. Certainly, features
from MCNN can be used in conjunction with the t-SPN framework to achieve higher accuracy.
VI. CONCLUSION
In this study, the architecture referred to as tree-structured
sum-product network (t-SPN) is proposed for cell classiﬁcation. The t-SPN is constructed such that the unnormalized probability is represented as conditional probabilities of a subset
of cell classes that are most similar. The constructed t-SPN
architecture was learned by maximizing the margin which is
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deﬁned to be the difference in the conditional probability between the true and the most competitive false label. To enhance
the generalization of the architecture, -regularization (REG)
was considered along with the maximum margin (MM) criterion in the learning process. Furthermore, to highlight cell features, this paper investigated the effectiveness of two generic
high-pass ﬁlters: ideal high-pass ﬁltering and the Laplacian of
Gaussian (LOG) ﬁltering. On both HEp-2 and Feulgen benchmark datasets, the t-SPN architecture learned based on the maxmargin criterion with regularization produced better accuracy
rate, compared to other state-of-the-art algorithms that include
convolutional neural network (CNN) based algorithms. In addition, the experimental results indicate that ideal high-pass ﬁlter
is more effective on the HEp-2 dataset which is based on immunoﬂuorescence staining while the LOG is more effective on
Feulgen dataset which is based on Feulgen staining.
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