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e We design a pairwise matrix to preserve both ranking and label infor-

mation. &

e We propose a novel objective function to learn binary codex

e We propose a novel pairwise based supervised deep le ework
for fast image classification and retrieval.
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Abstract

Hashing has become a popular tool on histepathology image analysis due
to the significant gain in both computation and storage. However, most
of current hashing techniques learn features and binary codes individually
from whole images, or emphasize the inter-class difference but neglect the
relevance order within the“same classes. To alleviate these issues, in this
paper, we propose a novel pairwise based deep ranking hashing framework.
We first define a pairwise matrix to preserve intra-class relevance and inter-
class differences Then we propose an objective function that utilizes two
identical centinious matrices generated by the hyperbolic tangent (tanh)
function. telapproximate the pairwise matrix. Finally, we incorporate the
objective function into a deep learning architecture to learn features and
binary)codes simultaneously. The proposed framework is validated on 5,356

skeletal muscle and 2,176 lung cancer images with four types of diseases, and
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it can achieve 97.49% classification accuracy, 97.49% mean average precision
(MAP) with 100 returned images, and 0.51 NDCG score with 50 retrieved
neighbors on 2,032 query images.

Keywords: Histopathology images, classification, retrieval, ranking

hashing, deep learning

1. Introduction

Histopathology images play a significant role in garly discase detection
and grading, such as lung, breast and brain cancers [1], {2}; [3], [4]. However,
manual assessment is labor expensive, time consuming; subjective and error-
prone. To reduce the workload of pathologists and improve the objectivity
of image analysis, computer aided diagnesis(€AD) systems including image
processing and modern machine learning techniques have been widely applied
to histopathology image computing, Generally, CAD systems can be roughly
classified into two categories: classifier-based CAD and content-based image
retrieval (CBIR) [5] [6], [7].. @ompared to classifier-based CAD that directly
provides diagnosisiresults/or grading scores, CBIR can not only be utilized
to classify query images but also retrieve and visualize images with the most
similar morphological profiles [8], [9]. Therefore, CBIR techniques have at-
tracted considérable attention for histopathology image analysis [10], [11],
[12]; [13],.414], [15], [16].

Although traditional CBIR systems have exhibited their advantages on
providing pathologists with diagnosis support in visualizing relevant images
and diagnosis information, most of them are suitable for disease diagnosis

with only tens or hundreds images and fail to tackle large-scale datasets
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due to the computational efficiency and storage costs. However, the large
number of annotated medical images might reduce the semantic gap, which
characterizes the difference between image representation and label (diseage)
description, between images and diagnosis information with modern~data-
driven methods [14], [17], [18], [19], [20]. To handle large-scale image data,
hashing-based retrieval methods have become attractive [21]¢[22], [23], be-
cause hashing can encode the high-dimensional data into compact binary
codes with maintaining the similarity among neighbors [24}5.[25], leading to
significant gains in both computation and storage 26|, [27], [28].

Based on whether employing semantic infotrmationy hashing methods can
be classified into two groups: (i) unsupervised hashing that aims to explore
the intrinsic structure of data to maintainsthe similarity among neighbors
without any semantic information; \(ii) supervised hashing that utilizes se-
mantic information to produce binary codes. Due to the semantic gap, su-
pervised hashing is more prefetred in histopathology image analysis. Addi-
tionally, since deep learning méthods [29] [30] have powerful ability to learn
features from largé-scale,raw image data, some hashing methods [31], [32]
utilize deep learning architectures to learn binary representations of images.
Although these deep hashing methods have show great strength to encode
raw images,ithey usually have one or two following shortcomings: (i) learning
image featnres and binary codes individually, which usually exhibit inferior
performance to simultaneous learning [33]; (ii) emphasizing the distinction
between images among different classes but neglecting the relevance order
within the same class. This would cause image retrieval to become a classi-

fication problem [34].
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Fig 1: The flowchart of the proposed deep hashing framework. Binary encoding layer’is to

encode the extracted features obtained from the fully connected layer,into binary codes.

Motivated by aforementioned observations, in this paper,we propose a
novel pairwise based deep ranking hashing (PDRH).algorithm that can ex-
tract features from images and learn their binary tepresentations simultane-
ously. Meanwhile, it can preserve the inter-class difference for image classi-
fication and maintain the intra-class relevance ‘order for image retrieval. To
achieve these goals, we first design a pairwise matrix based on image labels
and their relevance order within the'same class. Then we propose an objec-
tive function to learn binary representations of images. Next, we design a
supervised deep learning. framework by incorporating the proposed objective
function to simultaneously learn features and corresponding binary codes.
For clarity, we-illustrate the flowchart of our framework in Fig 1. Extensive
experiments on thousands of histopathology images demonstrate the effec-

tivenesstand, efficiency of our proposed framework.

2. Related Work

Based on the usage of semantic information, supervised hashing methods
can be roughly grouped into three categories: point-wise, multi-wise and

pairwise.
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Point-wise and multi-wise based hashing: Point-wise based hash-
ing, like supervised discrete hashing (SDH) [28] and supervised quantization
(SQ) [34], formulates the searching as a classification problem to learn bi-
nary codes. Their objective functions are usually developed on the basis.of a
regression model. Multi-wise (ranking) based hashing aims to learn hashing
functions to project original high-dimensional data into a binary space and
meanwhile maximize the agreement of similarity orders over more than two
items. Several popular algorithms are: triplet ranking hashing (TRH) [35]
that proposes a triplet ranking loss function based on.the pairwise hinge loss;
ranking supervision hashing (RSH) [36] that incorporates the ranking triplet
information into a listwise matrix to learn binary codes; ranking preserving
hashing (RPH) [37] that directly optimizessNormalized Discounted Cumu-
lative Gain (NDCG) [38] to learn binary eodes with high ranking accuracy.
These algorithms cannot learn features and binary codes simultaneously, and
later deep semantic ranking based hashing (DSRH) [39], adding a adaptive
weight into a triplet Minge loss function, has been proposed to handle the
multi-label retrieyal problem.

Pairwise based hashing is to utilize the element-wise product of two
binary vegtors to preserve the Hamming affinity of data pairs. Several pop-
ular pairwise based hashing methods used in pathology image analysis are:
kernel based supervised hashing (KSH) [26] that leverages the Hamming dis-
tance between pairs and utilizes kernels to explore the nonlinear structure
hidden in data; joint kernel graph hashing (JKGH) [12] that builds a graph
to preserve the relationship of pairs, and constructs and weights sub-kernels

based on each feature of data points; unlike KSH and JKGH using a sym-
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metric relaxation strategy and a subsequent threshold to learn binary codes,
kernel based supervised discrete hashing (KSDH) [40] utilizes asymmetric
relaxation to directly learn binary codes in order to reduce the accumulated
quantization errors between discrete and continuous matrices. These"pair-
wise and pointwise based hashing algorithms often produce binary.¢odesafter
obtaining features extracted by using GIST [41], HOG [42], SIFT [43] or con-
volutional neural network (CNN) [29], which might decréase their retrieval
accuracy due to learning features and their binary répresentation individ-
ually. To further improve the searching performance, a few deep hashing
models [31], [32], [33] have been proposed to eonduct simultaneous learning,.

Since point-wise based hashing learns”binary codes by formulating the
searching into a classification problem, it"usually neglects the similarity or-
der among neighbors. Additionally, multi-wise based hashing is expensive to
construct the triplet loss for large=scale training data, e.g., the time complex-
ity is O(n3) for n trainingAmages. Moreover, most of current pairwise based
deep learning hashing/algorithms [31], [32] often ignore the relevance order
of images within the same classes. To alleviate these issues, in this paper, we
propose a pairwise-based deep ranking hashing framework to simultaneously
learn feature representation and binary codes by employing a deep learn-
ing framework.and a pairwise matrix to describe the difference and relevance

among images, with the time complexity O(n?) building the pairwise matrix.
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3. Methods

3.1. Definitions and Notations

Given data X = [x;,Xsg, "+, X,] € R™*? where n and d are the numbér of
data points and dimensions, respectively. Suppose these data have, ¢ elasses,
with each class containing ny, (D_,_, nx = n) data points. Let (x;,x3) € M
if x; and x; are in the same class; otherwise, (x;,x;) € C,.where M and C
represent the neighbor-pair and nonneighbor-pair sets, respectively. Assume
that a data point x € R? belongs to the k-th class#and it has different
relevance to the data points in the same class; the‘\relevance list can be
written as:

r(x, Xg) = {r’f7r§,~-- k1 (1)

"Wy,

where X is a set containing all data peints belonging to the k-th class,
rf > 0 represents the relevance of ‘data point xg? to x, and 7’;-“ > rf means
that x is more similar to x? than that to xI.

Hashing is to encode the high-dimensional data into a set of compact
binary codes. Specifically,/for a data point x, its k-th hashing function is
defined as:

hi(x) = sgn(f(x)ag + by), (2)

where” f(x) %€ RP is row vector representing p features extracted from x,
ag € R? ig'a column vector to project the high-dimensional features into a
low-dimensional space and by, is a basis. In this paper, we define hg(x) = 1
ifof (x)ar + by > 0; otherwise, hy(x) = —1. Let m-bit hash codes of x be
coden,(x) = [h1,ha, -+, hp], and then we can obtain —m < code,,(x;) o

code,,(x;) < m. For three data points x;, x; and xy, if x; is more similar to
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x; than xj, we have code,,(x;) o code,,(x;) > code,,(x;) o code,,(xy). In oder
to distinguish data points belonging to different classes, we set code,,(x;) o
coden,(x;) > 0 when (x;,%x;) € M and code,,(x;) o code,,(x;) < 0 when
(x;,x;) € C. Considering the intra-class relevance of data points, we-define
a pairwise matrix S € R™"™ to describe the relationship of data, pairs as

follows:
r(xi,x;) (zi,7;) € M,
Sij = (3)
— (xi,z;) € C,
where 0 < 7(x;,%x;) < m is the relevance between x5 and x;, and 0 <y <m
is a constant. Although the largest v can be my empirically, we choose a

relatively small v in order to loose the comstraint.of hashing codes. In this

paper we set v = 1.

3.2. Problem Formulation

In this subsection, we propose aynovel objective function to learn binary
codes. The proposed objective function contains three main parts: a pairwise
loss function, a quantization loss term and a regularization loss term.

Hashing aims te,learn compact binary codes to preserve the relations
among original high-dimensional data. Since code,,(x) = [h1, ha, -, A,
—m < code,s (xy) 0 codey, (%) < m, and —y < 85 < g, similar to [25], the

objective function can be intuitively written as:

- 1 Tmax
min-— ||—-—
H m

2

HHT — SH , (4)
F

where 7,4, 1s the maximum element in S, H = sgn(f(X)A +1,b), H €

{—1,1}""™ A € RP*™ b € R™ and 1, € R" is a column vector with all

elements being one.
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Unfortunately, Eq. (4) is non-differential and thus it is difficult to be di-
rectly solved. To learn the projection matrix A, we relax H = sgn(f(X)A +
1,b) € {—1,1}"" into Y = tanh(f(X)A + 1,b) € [~1,1]"*™ based On
the following observations: (1) [—1,1]"™ is the closest convex region-te, the
non-convex region {—1,1}"*™; (2) Y = tanh(f(X)A + 1,b) is differentiable
with respect to A and b, while H = sgn(f(X)A + 1,,b) is non-differentiable
due to the non-smooth function sgn(-). Then Eq. (4) can be refermulated

as:

J; = mint
Ab

2
Tmazx T_ H
L ey T — S

(5)
s.t. Y = tanh(f(X)A 4 1;b),

which is a pairwise loss function that préserves the semantic information
into Y. Because a large accumulated quantization error between H and the
relaxed Y will decrease the retrievaliaccuracy, we add a quantization loss
term J, = 2L |H — Y% into Eq:.(5)'to make the projection matrix A and
the vector b reduce the accumulated error, where \; is a weight coefficient.
Furthermore, since the variance of the projection matrix A is important to
obtain a robust and stable. solution, we also incorporate a regularization loss
term J3 = 22 JATA'S ImH2F into Eq. (5), where I,,, € R™*™ is an identity
matrix and )\, 18,a regularization coefficient. Therefore, Eq. (5) becomes:
= min YY" S|+ A - Y+ AAT L[ .
st. Y =tanh(f(X)A + 1,b), H = sgn(Y),
which is our proposed objective function. In Eq. (6), A; is mainly used to
balance the preserved semantic information in Y and the accumulated errors
between H and Y, i.e. the larger Ay, the smaller accumulated errors yet

the less preserved semantic information; A, is to control the variance of A,

10
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and a too large A\ might increase the accumulated errors and decrease the

preserved semantic information.

3.3. Network Optimization

In this subsection, we will show the optimization procedure of the/pro-
posed objective function Eq. (6) embedded in a CNN architectuze.
Suppose that the proposed network contains L layers-with,parameters

(A" b)),

._,» where A' denotes the weight connection between the (I — 1)-th

and [-th layers, and b’ represents the bias in thed-th layer. The previous
L — 1 layers are provided by a CNN architecturey(please refer to Fig 1). Eq.
(6) is the objective function of the L-th (binary, encoding) layer after the
L — 1-th (fully connected) layer, and thus AL % A and b” = b. The output
of the [-th layer is:

7' =62 AT+ 1,0, (7)

where o(-) represents thesactivation function. Hence, the parameters f(X)

and Y in Eq. (6) are equivalent to ZL~! and Z in the network, respectively.

L

To calculate the gradients of the parameters (Al, bl)z:p we need to first

0J
OAL

aJ

calculate the partial derivatives and 77 in the L-th layer as follows:

0 _Oh02k 0h 07" o)y
DAL OZL JAL T OZL OAL DAL
oJ  OJ 0ZL 0k oZE 1.

ObL ~ 9ZLObL | 9ZLObL  n' " (8b)

= ZF AR AR (AT AR -T,) (8a)

where AL = (e (tme ZLZLT — Q)7L 4 A\ (H — Z1)) O(1,1% — Z- O Z1),

and (©) denotes element-wise multiplication.

11
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The partial derivatives % and g7

in the [-th (I < L) layer are calculated

as follows:

o]  0JOZ' i
oAl ozZioAl LA (92)
aJ o0Joz 1.

obl = oziob $°)

where Al = AFYAHIT (o' (Z1A 41, bl), and o/ (Z1 AL+ 1B denotes
the derivative of Z'.

The parameters (Al,bl)lL: are updated by usingsthe, gradient descent

1

algorithm as follows:

0J
I Al _
A'=A n%Jl, (10a)
Il
b'=b g (10b)

For better illustration, we present the whole procedure of PDRH in Algo-
rithm 1.

3.4. Implementation Details

We implement the propesed PDRH with Keras [44] and TensorFlow [45].
Our network architeeture is displayed in Table 1. It contains 4 convolutional,
4 batch normalization [46], 4 ReLU [47] and 2 max-pooling layers, 1 fully
connectedy(FC) layer and following by 1 binary layer. The convolutional
layers consist of 32, 32, 64 and 64 kernels with size 3 x 3. In pooling layers,
each window has the size 2 x 2 with stride 2 and 0 padding. The fully
connected layer and the binary layer contain 512 and m nodes, respectively,
where m is the length of binary codes. Here, we respectively set m to be 8,
16 and 32. Note that we adopt a relatively simple neural network due to the

limitation of available computation resources. PDRH is easy to be employed

12
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Algorithm 1: PDRH

Input: Training data X, pairwise matrix S, parameters A; and Ao, learning rate 7,
number of layers L, number of iterations N.

Output: {Al, b }lL:r

Optimization with back propagation

fori=1to N do
for | =1to L do
Perform feedforward computation for Z! using Eq. (%) for other layers
and Eq. (6) for the L-th layer;
end
foril=Lto1do
Calculate the gradients based on Eq. (8) orEq. (9);
end
forl =L to1do
Update the parameters based on Eq. (10);
end

end

in more complicated. neural works and obtain better binary representations
for images.

Similag t0" 48], we initialize the weights in our network with uniform
distribution scaled by the square root of the number of inputs and neurons,
and set the mini-batch size to be 32. We train the network 50 epochs by
using’the ADADELTA optimization algorithm [49], since it does not require

a’'specific hyperparameter tuning.

13
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Table 1: Configuration of the proposed network for input images with the size 128 x 128 x 3.
(Note that the batch normalization followed by the ReLU layer are in the middle of two

convolution layers or the convolution and max-pooling layers.)

Type Filter size/stride Output size

Convolution | 3 x 3 x 3 x32/1 | 126 x 126 x 32

Convolution | 3 x 3 x 32 x 32/1 | 124 x 124 x 32

Pool 2x2/2 62 x 62 x 32

Convolution | 3 x 3 x 32 x 64/1 | 60 x 60 x64

Convolution | 3 x 3 x 64 x 64/1 | 58 x 5864

Pool 2x2/2 29 x 29 X 64
FC - 512
Binary - m

4. Experiments and Analysis

To evaluate the proposedsalgorithm PDRH, we conduct experiments on
an image dataset includingshistopathological skeletal muscle and lung cancer
images, which are stained with Haematoxylin and eosin (H&E). The skeletal
muscle images céntain two major classes of Idiopathic Inflammatory Myopa-
thy (IIM), Polymyositis (PM) and Dermatomyositis (DM). The lung cancer
images dre with two types of diseases, adenocarcinoma (AC) and squamous
cell ¢arcinoma (SC). We collect and crop 5,256 (2,572 PM and 2,678 DM)
skeletal muscle images corresponding to 41 individual subjects from the Med-
ical*College of Wisconsin Neuromuscular Laboratory (MCWNL), and select
and crop 2,904 (1,456 AC and 1,448 SC) lung cancer images of 126 patients
from The Cancer Genome Altas (TCGA). The skeletal muscle images are

captured at a 40x objective with pixel resolution of 0.25 micron. All ground-

14
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truth are provided by MCWNL. All of the muscle images are analyzed by 3
independent pathologists and a final label is assigned to each image based on
the common consensus among them. The lung cancer images are downloaded
from the The Cancer Genome Atlas (TCGA) Data Portal. TCGA censists
of a collection of cancer specimens with clinical information abeut partic-
ipants including metadata about the samples, histopathology slide images
from sample portions and molecular information derived/from the samples.
The lung cancer images are supervised by National Cancernstitute (NCI)
and National Human Genome Research Institute (NHGRI) and are freely
available to researchers. Here, we randomly partition/all images into train-
ing and testing sets with a (approximate) ratio 3:1. Specifically, we collect
6,128 images for training, including 3,952(2;010 PM and 1,942 DM) skeletal
muscle images and 2,176 (1,092 ACland 1,084 SC) lung cancer images, and
the remaining 2,032 (562 PM, 736 DM, 364 AC and 364 SC) images are
used for testing. In our experiments, the RGB raw image data are directly
used as input for all deep, hashing methods, and they are wrapped to patches
with a size of 128, 128 before inputting to the learning pipeline. Moreover,
for images in_the same class, we calculate their Euclidean distance between
any two imagespand then divide these images into eight subsets based on
the distance. The relevance of the images in the subset with the smallest
distance is/8 and that with the largest distance is 1. Note that in practice

the relevance can be defined based on the applications.

4.1. Ezxperimental Setting

We compare PDRH against eight state-of-the-art non-deep hashing meth-
ods, including six non-ranking hashing algorithms, spectral hashing (SH) [24],

15
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KSH [26], column sampling based discrete supervised hashing (COSIDISH)
[50], SDH [28], KSDH [40] and asymmetric discrete graph hashing (ADGH)
[51], as well as two ranking hashing algorithms RSH [36] and RPH [37], and
two popular deep hashing algorithms, convolutional neural network hashing
(CNNH) [32] and deep learning of binary hash codes (DLBHC)¢[31]%, For
non-deep hashing algorithms, we extract the holistic high-dimensional fea-
tures from the whole image as the input. Specifically, we first detect scale-
invariant feature transform (SIFT) key points fromsthe whele image and
then employ SIFT to extract features around thesé key points. Then, we en-
code these features into 2,000-dimensional histograms using the bag-of-words
(BoW) method [6]. For comparison, we also utilize the output of the fully
connected layer of PDRH as the input\forsthe non-deep hashing methods,
and these deep learning features are named DLF. In PDRH, we empirically
set the three essential parameters v'= 1, A\{ = 7q and Ay = 0.1 in this
experiment. To evaluate/the performance of hashing algorithms, we em-
ploy five main criterion: \classification accuracy, MAP, precision-recall (PR)
curve, REL and NDCG . Fot one query image, its REL and NDCG scores are

calculated as:
1 q
REL = — i, (11)
wheré ¢ is the number of retrieved samples, and r; is the relevance of the i-th

nearest méighbors to the query image.

1< 2ni—1
NDCG=—-Y = 12
Z Z_Zl log(i+ 1) (12)

where Z is a constant to make the maximum of NDCG to be one.
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4.2. Experimental Results

To calculate the retrieval accuracy of various hashing algorithms, we first
adopt each algorithm to encode training and query images into binary codes,
and then utilize the binary codes to calculate the Hamming distance bétween
query and training images. Next, we can select the nearest training images
for each query image based on their Hamming distance. Finally, we can
compute the retrieval accuracy of each query image based on the corrected
selected training images. We calculate the average value of ‘all’query images
based on the five criterion and report them in Tables 2-3/and Figs 2-5.

Table 2 shows the average retrieval accuraey ofiall’query images, includ-
ing classification accuracy and MAP of varieus methods, e.g., the non-deep
algorithms SH, KSH, SDH, COSDISH, KSDH; ADGH, RSH, RPH, and deep
hashing algorithms CNNH, DLBHC and PDRH, on 8-, 16- and 32-bit hashing
codes. As we can see, the non-deep.hashing algorithms with DLF achieve sig-
nificantly better performance than that with BoW. Additionally, COSIDISH,
KSDH and ADGH with DLF eutperform the deep hashing algorithms CNNH
and DLBHC. PDRH obtains higher accuracy (97.49%) and MAP (97.49 %
and 97.33 %)/than COSIDISH, KSDH and ASDH with DLF at 8-bit, and
they have” similar performance (the difference is within 0.5%) at 16- and
32-bit

Fig,2 displays the PR curve of various algorithms at 8-, 16- and 32-bit. It
suggests that with DLF features, the non-deep algorithms, SH, KSH, SDH,
COSDISH, KSDH and ADGH outperform those with BoW features. At 8-bit,
PDRH achieves better performance than the other algorithms when the recall

is smaller than 0.3; At 16- and 32-bit, PDRH can obtain the best retrieval
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Table 2: Retrieval performance (%) measured as classification accuracy and MAP with

the top 100 and 500 returned neighbors, respectively.

Method Accuracy MAP (Top 100) MAP(Top 500)
8 16 32 8 16 32 8 16 32

SH[24]+BoW 4931 6348 69.73 | 54.86 65.16 65.38 | 55.22 57.95 56.16
KSH[26]+BoW 64.22 7530 77.66 | 64.19 7233 73.554, 71.09 ~71.56  73.32
SDH[28]4+BoW 66.14 73.67 73.67 | 66.14 73.67 73.67,( 6614 73.67 73.67
COSDISH[50]+BoW | 64.42 69.29 73.08 | 68.22 70.63 [76.26 ,|/68.68 71.30 76.44
KSDH[40]+BoW 68.36 66.10 72.83 | 68.36 6640 72:83 | 68.36 66.10 72.83
ADGH[51]+BoW 72.15 7156  73.57 | 72.15 “T1.56_ 73.57 | 72.15 71.56  73.57
SH[24]4+DLF 85.73 90.26  92.57 | 87.25, 88.86 91.42 | 83.98 80.08 82.56
KSH[26]+DLF 57.48 92.86 93.65 |.57.02 91.90 94.40 | 56.96 93.22 94.16
SDH[28]+DLF 91.68 95.08 94.98 | 91868  95.08 94.98 | 91.68 95.08 94.98
COSDISH[50]+DLF | 96.56 96.70 96.41 /96769 96.70 96.49 | 96.70 96.70 96.50
KSDH[40]+DLF 96.90 96.15 96ul1 }°96.90 96.15 96.11 | 96.90 96.15 96.11
ADGH[51]+DLF 96.56 96.70, 96.41 | 96.69 96.70 96.49 | 96.70 96.70 96.70
RSH[36]+DLF 80.27 780.36 /88.63 | 83.16 81.38 87.65 | 78.88 74.02 81.33
RPH [37]+DLF 92.22°%, 85.29 94.24 | 91.56 88.01 95.06 | 92.39 88.55 94.61
CNNH][32] 92.86 1,92.32 66.19 | 8348 8257 67.14 | 92.81 90.01  85.03
DLBHC]31] 94.49” 92.13 90.80 | 82.92 88.30 89.44 | 90.86 91.50 89.27
PDRH 97.49 96.75 96.65 | 97.49 96.80 96.66 | 97.33 96.65 96.52

performance’among all hashing algorithms. Fig 3 presents the precision of

variotis algorithms at all 8, 16 and 32 bits using Hamming radius » = 1,2

and 3."When r = 1 or 2, PDRH attains the best precision at 8- and 16-bit;

When'r = 3, PDRH outperforms other algorithms at 16- and 32-bit.

Table 3 presents the ranking performance (REL and NDCG) of the pro-

posed PDRH and the comparative algorithms with DLF features at 16-bit
on 5, 10 and 50 returned neighbors. PDRH obtains the highest REL score
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Fig 2: PR curve of various algorithms at different number,of bits:

5.74, 5.74 and 5.76 on 5, 10 and 50 returned neighbors, respectively. Fig 4
shows the relevance of above algorithms on 5, 10,20, 50 and 100 retrieved
images at all the three bits. It further illustrates that PDRH achieves higher
REL scores than the other algorithms on different returned neighbors or bits.
Table 3 also demonstrates that with 16-bit,hashing codes, PDRH, SH+DLF
and RSH+DLF obtain the best NDCG score than the others when 5 images
are retrieved; With 10 and 50 images returned, PDRH achieves the highest
NDCG score 0.49 and 0.51¢Tespectively. Fig 5 shows the NDCG score of var-
ious algorithms on 5, 10, 20550 and 100 retrieved images. At 8-bit, PDRH
achieves slightly worse score than RSH+DLF, while it significantly outper-
forms the others; AtWl6-bit, PDRH and RSH+DLF achieve similar NDCG
scores on 5y 10%and 20 retrieved images, and PDRH obtains the best score
on 50 and 100 returned neighbors; At 32-bit, PDRH outperforms the others
on, 10, 20, 50 and 100 returned samples.

438, _Discussion and Analysis
Based on experimental results in Tables 2-3 and Figs 2-5, we have the

following observations:

e Non-deep hashing algorithms SH, KSH, SDH, COSDISH, KSDH and
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Fig 3: Precision vs bit using various algorithms on different Hamming radiuses (Qr).

Table 3: Ranking performance using REL and NDCG with 16-bit. hashing codes on 5, 10

and 50 retrieved images.

REL NDCG
Method
5 10 50 5 10 50

SH[24]+DLF 538 5.38 522|048 0.48 0.49
KSH[26]+DLF 3.31 399462 | 0.22 0.27 0.34
SDH[28]+DLF 4.32 461" 4.44 | 0.25 0.29 0.30
COSDISHI[50]4+DLF | 4.34~_4.64 4.47 | 0.25 0.29 0.30
KSDH[40]+DLF 3.76 387 3.82 | 021 0.22 0.28

ADGH|[51]+DLF 4.36 4.65 4.57 | 0.25 0.29 0.29

RSH[36]+DLF 538 539 522|048 048 0.49
RPH[37)+DLE 462 468 470 | 033 035 0.38
PDRH 574 574 5.76 | 048 0.49 051

ADGH with DLF obtain better retrieval performance including classi-
fication accuracy, MAP and PR curve than those with BoW features.
PDRH containing a convolutional neural network has powerful abil-
ity to extract features from the original histopathology images with

preserving the significant semantic information. By contrast, BoW ex-
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Fig 5: NDCG with different number of retrieved images.

plores the intrinsicstructure to extract features with maintaining the

significant inforimation without any supervision, and thus it might ne-

glect somesignificant semantic information.

e Althoughithe non-deep hashing algorithms including the non-rank and
rank'hashing can perform well with DLF features, they usually achieve
similar or inferior performance to PDRH. The main possible reason is

that PDRH extracts features and learns binary representations simul-

taneously, leading to better and more stable solutions.

e The non-ranking hashing including KSH, SDH, COSDISH, KSDH and

ADGH can deliver fair retrieval performance, while their ranking per-
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formance, including REL and NDCG, is relatively poor. This is because
their affinity matrices maintain the difference of images among differ-
ent classes, while they do not consider the similarity order of images

within the same classes.

e Although the ranking hashing algorithms, RSH and RPH, can, obtain
better ranking performance than most of non-ranking hashing, they
usually achieve worse retrieval performance. This can be attributed to
the fact that RSH and RPH focus on the intra-elass,difference among

images, but they neglect the inter-class difference among images.

5. Conclusion

In this paper, we present a novel pairwise based deep ranking hashing al-
gorithm to simultaneously extrac¢tafeatures from histopathology images and
learn their binary representations, with preserving the inter-class difference
for image classification,andmaintaining the intra-class relevance order in the
same classes. We first/define a pairwise matrix to preserve the class and
ranking informationtef images, and then propose a novel objective function
to learn binarywodes. Then, we incorporate the objective function into a con-
volutionalmeural network architecture to simultaneously extract features and
learn binary ‘codes. Experiments on muscle and lung cancer images demon-
strate the effectiveness and efficiency of the proposed algorithm. Since the
objéctive function approximates the pairwise matrix using a relaxed tanh
function, which might generate accumulated quantization errors between the
discrete and continuous matrices, in the future, we will work on approximat-

ing the pairwise matrix directly using discrete matrices. Moreover, we will
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learn a more general and robust deep hashing model by collecting more types

of histopathology images.
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