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Research highlights

(1) An framework based on cell encoding for large-scale histopathological
image analysis is proposed.

(2) A supervised graph-based model via asymmetric relaxation and its -
able version are proposed.

(3) A group-to-group matching method to retrieve images based ‘I%ry
codes of cells is proposed. ’\(
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Abstract

In pathology image analysis, morphological characteristics of cells are critical
to grade many diseases. With the development of cell detection and segmen-
tation techniques, it is possible to extract cell-level information for further
analysis in pathology images. However, it is challenging to conduct efficient
analysis of cell-level information on.a large-scale image dataset because each
image usually contains hundreds or thousands of cells. In this paper, we pro-
pose a novel image retrieval,based framework for large-scale pathology image
analysis. For each image, we encode each cell into binary codes to gener-
ate image representation using a novel graph based hashing model and then
conduct image retrieval by applying a group-to-group matching method to
similarity measurement. In order to improve both computational efficiency
and memory requirement, we further introduce matrix factorization into the
hashing“model for scalable image retrieval. The proposed framework is ex-
tensively validated with thousands of lung cancer images, and it achieves
97:98% clagsification accuracy and 97.50% retrieval precision with all cells of
éach query image used.

Keywords: Image retrieval, large-scale images, hashing, histopathology
image analysis.
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1. Introduction

Histopathology plays an important role in the early diagnosis of different
cancers, such as lung and breast cancers. However, manual examination of
histopathological images is labor intensive, time consuming and errot=prone
due to high-resolution and subjective assessment of doctors. To reducejthe
workload of pathologists and provide more reliable and consistent analysis
of histopathological images, image process techniques and-modérn machine
learning algorithms have been widely used for medicall diagnosis, disease
detection and decision support (Petushi et al., 2006);(Yang-et al., 2007),
(Caicedo et al., 2009), (Basavanhally et al., 2010), (PDundar et al., 2011),
(Tabesh et al., 2007), (Xing and Yang, 2016). Compared to classifier-based
computer-aided diagnosis (CAD) systems that{ directly provide diagnosis re-
sults or grading scores, content-based image retrieval (CBIR) (Comaniciu
et al., 1999), (Schnorrenberg et al., 2000), (Zheng et al., 2003), (El-Naqa
et al., 2004), (Liu et al., 2016) is able t0"provide more clinical evidence to
support the diagnosis, because CBIR:methods can be used to not only classify
the query image but also retrieve and\visualize the images with morphological
profiles most relevant (Greenspan. and Pinhas, 2007), (Akakin and Gurcan,
2012), (Zhang et al., 2014) (Zhang etal., 2015a), (Zhang et al., 2015b), (Jiang
et al., 2015), (Zhang and‘Metaxas, 2016), (Jiang et al., 2016).

Cell-level information, ineluding shape, area, and nuclear and cytoplasm
appearances, plays.a significant role in disease grading. In clinical practice,
they do have exténsive applications: 1) Two major types of non-small cell
lung cancer, adenocareinoma and squamous carcinoma, often contain cells
that exhibit a‘mixture of representative morphologies, and the disease classi-
fication gan be achieved using a majority voting of different cells. 2) Gliomas
highly~depends on the cellular-level information. For example, 1p/19q co-
deletion greatly relies on the shape of the cell (roundness), and searching
for cellssthat exhibit the similar morphology has important prognosis values
because this would allow the clinician researchers to check whether there
exists important known clinical information in the existing image database.
3) Bladder cancer is another example. Finding the nucleus with prominent
nucleolus inside and their content-wise similar nucleus in the database is very
important to differentiate low- and high-grade bladder cancer. Therefore, rig-
orously measuring and analyzing each individual cell can significantly assist
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pathologists for diagnosis and disease detection (Zhang et al., 2015c). How-
ever, it is a challenging task because there often exist hundreds of thousands
of cells in one single digitized image. When using high-dimensional features
for large-scale cell images, traditional CBIR methods usually exhibit low
computational efficiency. As a result, most previous methods (Doyle et aly
2008), (Zhang et al., 2015a), (Jiang et al., 2015) encode the whole image as
a holistic high-dimensional features by representing the statistics of cell=level
information, and then compress the high-dimensional featuressfor eompu-
tational efficiency. Nevertheless, some significant informationimight-lose in
such holistic representation.

To enable large-scale image analysis, recently hashing-based retrieval
methods are considerably attractive since they can signifieantly improve the
requirement of computer memory and query time cost (Zhang et al., 2015¢),
(Wang et al., 2016), thereby facilitating fast infage retrieval in a large-scale
database. Hashing encodes the data using a set of“discrete binary codes,
which can be easily stored and quickly searched. Thus it is often used to re-
trieve nearest neighbors based on a certain similarity measurement in large-
scale databases (Wang et al., 2012) Mamny hashing methods (Weiss et al.,
2009), (Liu et al., 2012), (Shen et al;»2015), (Jiang et al., 2015), (Shi et al.,
2017) have been proposed, and they,have achieved great success in computer
vision and data mining. In generaly these methods can be roughly classified
into two categories: (1) ansupervised hashing (Weiss et al., 2009), which
aims to explore the ingrinsic structure of data to preserve the similarity of
neighbors without any supervision; (2) supervised hashing (Liu et al., 2012),
(Shen et al., 2015); which atilizes the semantic information to assist search-
ing and retrieval. Due to the semantic gap (Wang et al., 2012), unsupervised
hashing models usually exhibit inferior performance to supervised hashing
approaches.  Therefore, supervised hashing methods are more preferred in
histopathelegical image analysis.

Unfortunately, when hashing encodes each cell image into binary codes,
there are two major concerns: (1) Directly learning discrete binary codes is an
NP-hard problem (Liu et al., 2014), (Shen et al., 2015). To address this prob-
lem, most of hashing methods utilize the strategy of symmetric relaxation
followed by a threshold to obtain binary codes (Weiss et al., 2009). However,
this strategy would generate accumulated quantization errors between the
discrete binary code matrix and its relaxed continuous matrix, which would
decrease the retrieval and classification accuracy (Shen et al., 2015). (2) It is
a non-trivial task to effectively utilize binary codes of cells in a query image
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Fig 1: The flowchart of the proposed framework for pathology image analysis.

to retrieve relevant images. Usually, hashing methods retrieve images by a
point-to-point matching. In other words, they encode the entire images into
a set of binary codes and then calculate the’Hamming distance between two
images. This strategy is not suitable farcell based medical image retrieval
since one pathology image contains orethan one cell.

In this paper, we propose a novel framework for histopathological image
analysis via encoding large-scale cellsi(see Fig 1). Specifically, instead of using
symmetric relaxation followed by a threshold, we propose a supervised graph-
based hashing (GH) algorithm via asymmetric relaxation, which preserves
the hashing function in~theyohjective function and thus effectively reduces
the accumulated quamtization errors between the discrete and continuous
matrices (Shi et al, 2016b). Additionally, the GH model jointly learns binary
codes and a prejection matrix, usually exhibiting better and more robust
performance4han that learning them individually (Shi et al., 2015). In order
to reduce/the cost of memory storage and computational time, we further
improve the GH model to enable scalable graph-based hashing (SGH), which
selects a subset of cells from training cells to build an asymmetric graph to
preserye thie similarity of neighbors. The complexity of building a graph in
SGH is significantly lower than that in GH. Next, we propose a novel method,
namely group-to-group matching, to conduct image retrieval by using the
cellular information in each image. In summary, our contributions are listed
as follows:

e We propose a novel image retrieval framework for large-scale histopatho-
logical image analysis based on cell encoding.
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e We propose a supervised graph-based model via.asymmetric relaxation
to learn binary codes and meanwhile reducethe accumulated quantiza-
tion errors between the discrete and continuous matrices. Furthermore,
we improve the model to allow scalable image retrieval by reducing both
space and time complexity.

e We propose a group-to-group matching method to retrieve images based
on the binary codes of cells:

The rest of this paper is“structured as follows: Section 2 explains the rea-
son why cell examination is helpful for histopathological image classification.
Section 3 introduces theyproposed graph-based model and its scalable ver-
sion. Section 4 shows the novel strategy, group-to-group matching. Section 5
presents and interprets experimental results on lung cancer images. Finally,
section 6 coneludes this paper and points out the future work.

2. Why cell examination is helpful for histopathological image clas-
sification

In this section, we explain the reason why cell examination is helpful for
histopathological image classification from a statistical viewpoint. Given two
types of cells: adenocarcinoma (class 1) and squamous carcinoma (class 2)
in lung cancer images, suppose that an adenocarcinoma image I contains n
(without loss of generality, n is assumed to be an odd constant) cells, with p
representing the probability of each cell belonging to adenocarcinoma type,
where p € (0.5,1). Based on the popular major voting strategy (Penrose,
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1946), (Gans and Smart, 1996), the probability of the image I belongs to the
adenocarcinoma type is:

Pr=E(l;=1lp,n)= Y Cip'(1—p)"~, (L)

- n+1
="

where [; represents the predicted label of the image I.

With n fixed, the probability P; increases when p grows; with p fixed, a
larger n means a higher P;. For clarity, we present these two.casés'in Fig 2a-
b, which suggest that in a query image, when p € (0.5, 1),fa larger number of
cells means a better image classification accuracy (Fig*2a)yand a better cell
classification accuracy will also lead to a better imageselassification accuracy
(Fig 2b). These two observations show the relations between cell examination
and pathological image classification, which is one major motivation of our
framework. Note that when p € (0,0.5), a largersnumber of cells will lead to
a worse image classification accuracy (Fig 2e¢).

3. Supervised Graph Hashing
3.1. Graph-based Hashing

3.1.1. Problem formulation,

Each cell is cropped s an image patch (see Fig 1), from which feature
representation is calculated:\Given a set of N cells X = [x1,%a,- -+ ,Xn] €
RN the goal of hashing is to find ¢ hash functions H = [hy, hy, -, A
leading to c¢-bit Hammingémbedding of X. The hash function can be written
as:

hi(xi) = sgn(agx; + by), (2)

where hj is the k-th hash function with learnable parameters a; € R¢ and by.
Usually by, isjequivalent to —+ >_"" | alx; and will be zero if X is normalized
toshave zero-mean.

Intuitively, adjacent cells in the original feature space should have similar
binary codes after embedding, meaning that they should still be close to each
other in the embedding space. Graph embedding is an attractive technique by
considering the intrinsic dimensionality. Traditional graph embedding (Yan
et al., 2007), (Nie et al., 2011) aims to find an optimal low-dimensional pro-
jection matrix A = [a;,ay,--- ,a.] € R¥° to preserve the similarity among
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data points, and the optimization problem is formulated as:

man Tr {ATXLXTA} ,
A

3
sit. ATXXTA =1, G

where L = D—W, D is a diagonal matrix with the i-th diagonal element d;; =
Z?Zl w;j, and W is a symmetric matrix with the weight w;; betwecn/data
points x; and x;. In order to produce binary codes for hashing encoding, the
linear projection function ATX is usually replaced by the hashing function
sgn(ATX), and thus Eq. (3) becomes:

min Tr {sgn(ATX)Lsgn(XTA)}, n

s.t. sgn(ATX)sgn(XTA) = NI..

By using the fact that Tr { sgn(ATX)Dsgn{X™A )} is a constant and L =

D — W as well as symmetric relaxation ofsthe-hashing function sgn(ATX)
(Weiss et al., 2009), (Jiang et al., 2015), Eq. (4) can be written as:

max Tr {ATXWXTA} ,
A (5)
st. ALXXTA = NI,

where the constraint can reduce the redundancy among data points (Shi
et al., 2016a).

One major problem of Equ (5) is that the accumulated quantization error
between the hashing function (binary code matrix) and the linear projection
function might largely affect the retrieval accuracy, especially for a large
number of training data (Shen et al., 2015). In order to reduce accumulated
quantization errors, we utilize an asymmetric relaxation strategy (Shi et al.,
2016b) and propose the following optimization model:

Tr {BWXTA) — 2 ||B — ATX|]?
et T4 | I 6

st. |ATXXTA — NL||. <,

where B is a discrete matrix representing the binary codes of training data,
and the Frobenius norm regularization term aims to reduce the accumulated
quantization error between the binary code matrix B and the linear projec-
tion function A”X. Note that we utilize the constraint HATXXTA - N ICH? <
e rather than ATXX”A = NI, to improve the robustness of the projection

9
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matrix A . In addition, jointly learning the binary codes B and projection
matrix A in Eq. (6) can further improve the robustness of the projection
matrix A (Shi et al., 2015). Eq. (6) seems to be similar to the objective
function in (Liu et al., 2014), however, they are intrinsically different in the
following two aspects: (1) Eq. (6) is to learn the projection matrix A for
supervised hashing, while (Liu et al., 2014) focuses on unsupervised liashing;
(2) The discrete constraint in the objective function of (Liu et ally 2014) is
symmetric, but an asymmetric discrete constraint is used in Eeg, (6)nwhich
can be solved with lower time costs.

3.1.2. Optimization procedure

It is difficult to simultaneously calculate B and A in.Eq."(6). By intro-
ducing an auxiliary C, the optimization problem in'Eq. (6) can be optimized
by solving the following three subproblems:
B-subproblem:

Tr {B(W + oly)XTAL.
pocar T {B(W + dly)X A} (7)

Eq. (7) can be obtained from Eq. (6)because Tr {ATXX"A} and Tr { BB”'}

are constants. The solution to Eq. (7) is'B = sign(ATX(W + aly)).
C-subproblem:

max  Tr{B(W +aoly)C},
Cé{—1,13V%¢ (8)
8t, CTC = N1,,15C =0,

where I, € R°*¢ j§ an unit matrix, 1y € RY is a row vector with all elements
being one, and Ly C = 0 because of X1% = 0. We can obtain C based on
the singular valde decomposition (SVD) of B(W + aly)J = UXVT | where
J=Iy #+1{1y and C = VNV(:,1:¢)UT,

A-subproblem:

min [|C = XTA[} + v I|A]. (9)

whosé solution is A = (XX + ~4I;)7'XC. When v = 0, C = XTA and
then ATXX"A = NI,; when vy > 0, ||[ATXX"A — NI,
~v means a larger e.

The detailed procedure to solve Eq. (6), namely graph-based hashing
(GH), is summarized in Algorithm 1. Since each step in Algorithm 1 has a

2
P <6 and a larger

10



201

202

203

204

205

206

207

208

209

210

211

212

213

214

215

216

217

218

219

220

Algorithm 1: Graph-based Hashing (GH)
Input: Data matrix X € RV weight matrix W € RVXN |
regularization parameter «, vy, the number of bits c,
the maximum iterations k.
Output: Binary code matrix B €
projection matrix A € Rx¢,
1. Calculate A corresponding to the c largest eigenvalues of
X(W + oIy)XT.
2. Calculate the matrix B = sgn(ATX).
3. Loop until convergence or reach maximum iterations

3.1 Update B = sign(ATX(W + aly));

3.2 Update C = vVNV(;,1: ¢)UT,

where UX VT = B(W + aly)J;

3.3 Update A = (XXT ++1I,)"!XC.

XN
REXV,

closed form solution, empirically we can obtainsapproximately optimal solu-
tions within a few iterations (e.g. f=5), where, f is the number of iterations.

3.1.3. Time complexity analysis of GH

In Algorithm 1, the calculation of\the.matrix A in step 1 requires O(N2d)
operations because of N > d, andsstep 2 needs O(Ndc) operations to calcu-
late the matrix B. In step-3ythe calculation of the matrices B, C and A
requires O(fN?d), O(fN?c) and O(fNd?) operations, respectively. Usually
¢ < d < N, and thus/the total computational complexity of Algorithm 1 is
O(fN3d).

3.2. Scalable Graph-based Hashing

In GH «theicomplexity of both storage and computational time to con-
struct a graph with N data points is O(N?), and thus GH might not adapt to
large,scale datasets (a large N). To improve memory requirement and com-
putational efficiency, we present a fast hashing algorithm, namely scalable
graph-based hashing (SGH), to approximate the model in Eq. (6).

3.2°1. Problem formulation

Dimensionality reduction methods, like principal component analysis (PCA)
(Zou et al., 2006) and nonnegative matrix factorization (NMF) (Recht et al.,
2012), suggest that a matrix with high-dimensionality yet low rank can be
represented or approximated by a linear combination of basis vectors. In our

11
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problem, the weight matrix W can be approximated by W ~ TP, where
T € RVM T Cc W and P € R™*¥ is a weight matrix. Therefore, Eq. (6)
can be reformulated as:

Tr {BTPXTA' — ¢ ||B — ATX|?
A,Be@%ﬁ}CXN 7“{ } 2 H “F7 (10)
st. |ATXXTA — NL||, < e

Although T can be a subset of W, computing P is expensive. . To aveid the
calculation of P, we suppose Z = XPT be generated new-data.(anchors)
that are used to construct graph, and T can be seen as a weight matrix
characterizing the relationship between the training data X and anchors Z.
Since the projection matrix mainly depends on the(data matrix X due to
M << N, we ignore the effect of the new anchors’en the projection matrix
and thus neglect the calculation of P. Let Di= ZTA, Eq. (10) can be
rewritten as:
mar Tr{BTD} —%|B -~ A"X||}.,
ADBe{-1,1}*N (11)
s.t. D™D = ML, ||ATXXTA — NL|[}. <«

where the constraint DTD = MIpis.derived from the constraint ATXXT A =
NI..

3.2.2. Optimization procedure

Similar to solvingdqy.(6)ywe adopt an iterative and alternative strategy
to compute the discrete binary codes B and the projection matrix A in Eq.
(11). We divide thevoptimization problem in Eq. (11) into four subproblems
as follows and present the details of scalable graph-based hashing (SGH) in
Algorithm 2.
B-subpreblem:

Tr«BTD BXTA
poo  Tr{BTD +oBXTA}, (12)

whose solution is B = sign(DTT? + a ATX).
D-subproblem:

max Tr{BTD},s.t. DD = MTI.. (13)

The solution to Eq. (13) is D = vVMVp(:,1: ¢)UL, where Up and Vp can
be obtained by the SVD of BT = UDEDVE

12
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Algorithm 2: Scalable Graph-based Hashing (SGH)
Input: Data matrix X € RV graph matrix T € RV*M,
parameters a, 7,
the number of bits ¢, the number of iterations k.
Output: Binary code matrix B € RV,
projection matrix A € Rx¢,
1. Calculate A corresponding to the c largest eigenvalues of
XTTTXT,
2. Calculate the matrix B = sgn(ATX);
3. Loop until converge or reach maximum iterations
3.1 Update B = sgn(DTTT + o ATX);
3.2 Update D = vVMVp(:,1: c)Ug, where BT'= UDEDVg;
3.3 Update C = \/NVC(:,I : c)Ug, where BJ'= UCECVE;
3.4 Update A = (XXT ++41,)"'XC;

C-subproblem:
maz Tr{BC},s.t. CTC=N1,.,15C = 0. (14)

The solution to Eq. (14) is C = vV NVig(:, 1 : ¢)UL, where Ug and V¢ can
be obtained by the SVD of BJ =UgX VL.
A-subproblem: This subpreblem is the same to Eq. (9).

Since supervised hashing methods usually have better performance than
unsupervised hashing,in, this,paper, we focus on supervised hashing method
to retrieve cells, and the weight matrix W € RY*¥ that utilizes semantic
information is defined as follows:

1 .
wi; = {N_k if x;,x; € k-th class, 15)

0 otherwise,

wheré N, is'the number of samples in the k-th class, 1 < k < K and K is
the.number of classes. Since T € RV*M ig the subset of W, we can attain T
by randomly selecting M), data points as anchors to construct T, where M},
isitheselected number of anchors from the k-th class.

3:2.8. Time complexity analysis

In Algorithm 2, the computational complexity of calculating A in step 1
is max(O(NMd), O(d?)). The calculation of the matrix B in step 2 requires
O(Ndc) operations. In step 3, calculating the matrices B, D, C and A needs

13
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max(O(fNMc), O(fNdc)), O(fNMc), O(fNc*) and O(fNd?) operations,
respectively. Since usually fc < d, the total time complexity of Algorithm 2
is maz(O(fNd?), O(NMd)).

3.3. Relations to other related hashing algorithms

There are many hashing algorithms proposed in the literatureand to
better explain the proposed methods, in this section we discuss theé relations
between ours and several popular and related hashing algorithms.

Spectral hashing (SH) (Weiss et al., 2009) is a popular graph based hash-
ing algorithm, but it has two major limitations: (1) The ¢omplexity of both
storage and computational time to construct a graph with N/ data points
is O(N?); (2) Symmetric relaxation is used to solve the-NP-hard optimiza-
tion problem, which would generate accumulated errors between the discrete
binary code matrix and its relaxed continuous‘matrix; To reduce the com-
plexity of building a graph, anchor graph hashing (AGH) (Liu et al., 2011)
constructs an approximative symmetric graph with a small number of an-
chors to preserve the similarity between,neighbors. However, AGH utilizes
the symmetric relaxation strategy to solye the NP-hard optimization prob-
lem. To reduce the accumulated quantitative errors, discrete graph hashing
(DGH) (Liu et al., 2014) preservessthe symmetric discrete constraint. Com-
pared to GH that preserves the asymmetric discrete constraint, the optimiza-
tion procedure of DGH is“more complex and takes more training time. In
addition, both AGH and DGH focus on learning binary codes in an unsu-
pervised manner such, that,it is difficult to directly utilize semantic (label)
information to learn binary codes.

KSH (Liu et al.;32012) is a kernel based hashing algorithm applied to
pathological dmage analysis. It utilizes symmetric relaxation followed by
greedy optimization to solve its non-differentiable objective function. This
strategy 1m0t able to greatly reduce the accumulated errors and usually costs
a large amount of training time. Joint kernel graph hashing (JKGH) (Jiang
et-al.;12015) also uses symmetric relaxation to solve its NP-hard optimization
problem. It constructs the kernel of each data with weighting each sub-
kernel’ constructed by each feature and thus achieves better performance
than KSH. However, JKGH usually requires considerable training and test
time to construct the kernel. Hence it is not suitable for tackling large-scale
data with high-dimensional features.

Although kernel-based supervised discrete hashing (KSDH) (Shi et al.,
2016b) also utilizes the asymmetric relaxation strategy to directly learn bi-
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Fig 3: The ideas of point-to-point and group-to-group. (a) point-to-point} (b) group-to-
group. (Each point in a plane represents a cell in one image, the diseretevectors b and g
represent binary codes of the entire target and query images, respectively.)

nary codes, it does not learn binary codes and.a projéction matrix simulta-
neously, which might decrease its performanee=(Shi et al., 2015).

Compared to KSH, JKSH and kernel-based supervised discrete hashing
(KSDH) (Shi et al., 2016b), the proposed algorithms have three major ad-
vantages: (1) GH and SGH are linear,methods and thus they do not require
kernel selection and constructions(2)\GH and SGH utilize asymmetric relax-
ation to solve the NP-hard optimization problem, and thus they can reduce
the accumulated quantitativenerrors; (3) KSH, JKGH and KSDH require
O(N?) operations to construct itheir weight matrix, while SGH needs only
O(MN) (M << N) @perations.

4. Group-to-group matching for pathological image retrieval

One single histopathology image usually contains multiple cells, and this
would fail the traditional point-to-point matching (Fig 3a) in image re-
trieval; whieh calculates the Hamming distance between two entire images
that lare encoded into a set of binary codes. To address this problem, we
propose=a’ novel strategy: group-to-group (GTG) matching, for image re-
trieval using cell-level information. Given one target image I; containing
n cells and one query image I, including m cells, denote their binary vec-
tors by [by,ba, -+ ,b,] and [qi1,qs, - - - , Qm], respectively, where b; € {0, 1},
q; € {0,1}, 1 <i<mnand 1 <j <m. We can regard that the cells in one
target image I; form a plane P;, and each query cell can be regarded as a
point outside of the plane P;. Then the distance between the point q; and
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Algorithm 3: Group-to-group (GTG)
Input: Training binary matrix [by, bg,- -, b,] € R"*¢
query binary matrix [qi1,q2, -+ ,Qm] € R™*C.
Output: dist(I;,1,).
for j =1tom do

fori=1ton do

dt(i) = Hammingdist(b;, q;),

end;
dist(j, I) < min(dt),
end;

dist(Iy, Ig) < = >0 dist(j, Ir).

the plane P, is equivalent to dist(q;, P;) = 1@1;71 dist(q;, b;), and the distance

between these two images is defined as follows:

dist(Iy, 1;) = % l@iz'gldist(qj,bi). (16)

j=1
For better illustration, we explain ¢his idea in Fig 3b. The details of the
GTG matching to calculate the distanee between two images are shown in
Algorithm 3. Note that compared.to'the major voting strategy, GTG can be
viewed as a weighted votingsstrategy, because the cells in one query image

has different distances tofthe target image.

5. Experiments

To evaluate_the ‘proposed hashing algorithms (GH and SGH), we con-
duct extensive experiments on the lung cancer image dataset with two types
of diseases: squamous cell carcinoma and adenocarcinoma. The lung can-
cer dataset s collected from The Cancer Genome Altas (TCGA) (Institute:,
2013), which €onsists of 1240 images (630 squamous and 610 adenocarcinoma
images). These images contains around 1248K squamous and 589K adeno-
carcinoma cells. All cells are detected and segmented using the method in
(Xing/et al., 2014). Then all cells are cropped as image patches with corre-
sponding labels. For each cell, we extract a 1024-dimensional feature vector
by GIST (Oliva and Torralba, 2001) and HOG (Dalal and Triggs, 2005), re-
spectively. Additionally, we also utilize LeNet (LeCun et al., 2015) to extract
a 300-dimensional feature vector from each cell. The sample images and their
segmented cells are shown in Fig 4.
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Fig 4: Sample images and segmented cells. (a) and (b) Adenocarcinoma image and cell
segmentation results, (c) and (d) squamous cell carcinoma image and cell segmentation
results.

5.1. FExperimental setting:

We compare GH and SGH against two state-of-the=art, supervised hash-
ing algorithms: KSH (Liu et al., 2012) and SDH (Shen-et al., 2015). After
using hashing algorithms to encode each cell/inte binary codes, the GTG
matching is used for image retrieval. To bettershow the characteristics of
GTG, we also present the classification accuracy of the hashing algorithms
with major voting (MV). In addition, Wescompare with two popular classi-
fiers: support vector machine (SVM)(Fan‘et al., 2008) and nearest neighbors
(NN). We utilize SVM and NN to classify €ells and then applying major vot-
ing to image classification, and alsesshow the baseline results obtained by
directly applying SVM and NN on the holistic high-dimensional features ex-
tracted from the whole image. Specifically, similar to (Jiang et al., 2015),
(Zhang et al., 2015a), we first, detect scale-invariant keypoints from the whole
pathology image, andithen employ SIFT (Lowe, 2004) and HOG to extract
features around thiese keypoints. Next, both descriptors are encoded as 2000-
dimensional histograms using bag-of-words (BoW) methods (Caicedo et al.,
2009), (Caicedo et al., 2011). Finally, SVM and NN are applied to these
histograms fer image classification.

Wesadopt five criteria including classification accuracy, precision, mean
average precision (MAP), training and test time, to evaluate the hashing
algorithms. Classification accuracy evaluates the classification performance;
precision measures the retrieval accuracy (returned corrected cells over total
returned samples), MAP evaluates the ranking performance of total returned
cells, training and test time are used to measure the time cost on training
and query, respectively. For GH and SGH, we set a = 107 and a = 1073,
respectively, and v = 1073 in the following experiments, and we set M =
0.1N in SGH. For KSH, SDH, KSDH_H and KSDH_B, we randomly select
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500 training cells to construct the kernels.

We first randomly select 100 images from each category for training and
the remaining images are used for testing. We randomly select 100 cells from
each training image to constitute a training cell dataset. In total, there are
20K cells in the training dataset. To form a test cell dataset we randomly
select m cells from each test image. After obtaining the binary codesf these
test cells, we use them to classify test images and retrieve relevant images.
Since m is an important hyperparameter, we present the performance of all
hashing algorithms with respect to different m’s. We repeat this-process 10
times and calculate the mean accuracy of different methods. All experiments
are conducted using MATLAB on a 3.50GHz Intel Xeon CPU,/with 128GB
memory.

5.2. Experimental results

Table 1 shows image classification results of ‘two popular classifiers, SVM
and NN, using the holistic high-dimensional HOG and SIFT features ex-
tracted from the whole image, and celliclassification results of eight algo-
rithms using HOG and GIST features extracted from cell images. We use
GIST rather than SIFT to extract cellifeatures because SIFT is much slower
to extract features from a larger'mumber of cell images. Additionally, we also
present cell classification results of‘eight algorithms using CNN features. As
shown in Table 1, GH achiéves the best cell classification accuracy with HOG,
GIST and CNN features. Although SGH has slightly worse cell classification
accuracy than SVM¢SDH,  KSDH_H and KSDH_B with HOG features, it
significantly outperforms NN and KSH. When GIST and CNN features are
used, SGH attains better performance than NN, KSH, SDH, KSDH_H and
KSDH_B. The results’in Table 1 are used as the baseline for comparison.

Table 2 presents the classification results of two classifiers SVM, NN
and six retrieval algorithms KSH, SDH, KSDH_H, KSDH_B, GH and SGH
with MV, and the classification and retrieval results of the six retrieval algo-
rithms with GTG. Table 2 suggests that the retrieval algorithms with GTG
achieve better classification accuracy than those with MV in most of cases.
Meanwhile, when 9 cells are selected from each query image, KSH+MV and
SGH-+MV obtain worse image classification performance, since the classi-
fication accuracy of KSH (using HOG, GIST or CNN features) and SGH
(using HOG features) on squamous cells is very low (< 50%). On the con-
trary, KSH+GTG and SGH+GTG achieve much better image classification
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Table 1: Baseline classification accuracy (%) on images and cells. (Hashing algorithms
encode each cell into 10-bit binary codes.)

(a)
Adeno ‘ Squam ‘ Mean | Adeno ‘ Squam ‘ Mean
Method HOG SIFT
Imace SVM 40.39 | 81.51 | 61.35 | 74.90 | 81.51 | 7827
& NN 61.57 | 59.25 | 60.38 | 74.71 | 83.02 | 78.94
(b)
HOG GIST CNN
SVM | 64.60 | 60.88 | 62.70 | 64.09 | 64.63 | 64.81 | 18.54 | F1.20 | 74.60
NN 4257 | 63.88 | 53.43 | 56.21 | 56.67 | 56.44~] 70.07 |/75.05 | 72.61
Cell RSH | 83.66 | 24.19 | 53.35 | 91.42 | 12.54 | 5122 | 99.11 | 0.01 | 49.08

(m=29) SDH 59.98 | 68.76 | 62.46 | 69.04 | 59.16 | 64.01 | 75.75 | 72.50 | 74.10
KSDH_H | 71.74 | 53.98 | 62.69 | 73.90 | 55.24 | 64:39 +.80.15 | 67.95 | 73.94
KSDH. B | 69.63 | 56.39 | 62.88 | 72.57 | 56.48 [ 64.37, | 78.96 | 69.63 | 74.20
GH 64.77 | 61.28 | 62.99 | 68.39 | 61.74 [165.00 | 76.75 | 73.50 | 75.10
SGH 75.99 | 49.27 | 62.37 | 74.14 | 55.22| 64.50 | 79.98 | 68.33 | 74.27

performance. This indicates the superior\performance of GTG to MV. In ad-
dition, with 9 cells selected from each query image, SVM, NN and six hashing
algorithms with CNN features eamsattain better performance than that with
HOG or GIST features; among these algorithms, SGH+GTG achieves the
best classification accuracy(88:83%), precision (88.50%) and MAP (88.73%),
GH+GTG with CNN features achieves similar performance to the other hash-
ing algorithms except,. SGH+GTG.

Table 2: Classification accuracy, precision and MAP (%) of different algorithms on lung
cancer images. (“Aceuracy’Tepresents the classification accuracy in table and ‘All’ means
that all cells in the/query image are used for retrieval. Hashing algorithms encode each
cell into 10-bit \binary codes.)

HOG

Method Accuracy Precision MAP
Adeno | Squam | Mean | (Top 100) | (Top 100)
SVM-+MV 76.73 | 81.96 | 71.70 - -

NN+MV 30.59 75.09 | 53.27 - -
—9 KSH+MV 98.43 5.28 50.96 - -
m= SDH+MV 71.75 82.96 | 77.46 - -

KSDH_H+MV | 90.91 60.00 | 75.75 - -
KSDH_B+MV 89.27 62.36 | 76.07 - -
GH+MV 82.35 71.32 | 76.73 - -
SGH+MV 99.22 10.19 | 53.85 - -
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KSH+GTG 79.98 80.70 | 80.35 66.34 72.14
m=9 SDH+GTG 74.71 79.81 77.31 77.31 77.31
KSDH_H+GTG | 80.76 75.42 | 78.04 77.89 83.78
KSDH_B+GTG | 89.20 76.74 | 77.94 78.09 78.06
GH+GTG 82.35 73.21 77.69 77.89 77.99
SGH4+-GTG 85.69 73.21 79.33 79.02 85.54

SVM+MV 98.04 91.89 | 94.90 - -
KSH+GTG 93.12 99.00 | 96.12 79.47 87.83
All SDH+GTG 90.59 98.68 | 94.71 94.71 94.71
KSDH_H+GTG | 96.08 94.15 | 95.10 94.64 95.03
KSDH_B4+GTG | 96.08 94.15 | 95.10 95.10 95.10
GH+GTG 97.65 94.34 | 95.96 96.02 95.91
SGH+GTG 98.24 93.02 | 95.58 95.23 94.93

GIST

m=9 SVM+MV 81.25 80.00 | 80.26 = -

NN+MV 71.18 61.70 | 66.35 - -

KSH+MV 100 0.19 49.13 - -

m=9 SDH+MV 87.84 73.21 71.80.38 - -

KSDH_H+MV 92.80 48.00 | 70.40 - -

KSDH_B+MV 91.20 56.80  |=74.00 - -

GH+MV 87.45 7117 | 82.22 - -

SGH+MV 95.10 57747 76.06 - -
KSH+GTG 90:39 72.45 | 81.25 65.84 72.04
m=9 SDH+GTG 88.04 73.58 | 80.67 80.67 80.67
KSDH_H+GTG " 90:00 73.58 | 81.63 81.34 84.07
KSDH_B+GTG4| 90.20 73.77 | 81.83 81.83 81.83
GH+GTG 8824 74.91 | 81.44 81.37 82.12
SGH+GTG 91.76 76.98 | 84.23 84.10 86.81

SVM+MV 98.61 96.82 | 97.75 - -
KSH+GTG 96.65 99.00 | 97.85 81.04 89.82
All SDH+GTG 100 92.83 | 96.35 96.35 96.35
KSDH H+GTG 100 94.91 | 97.40 96.83 97.20
KSDHB+GTG | 99.80 94.89 | 97.30 97.30 96.05
GH+4+GTG 99.61 95.47 | 97.56 97.56 97.56
SGH+GTG 99.80 96.23 | 97.98 97.50 96.52

CNN

SVM+MV 88.43 83.77 | 86.06 - -

NN+MV 88.24 86.23 | 87.21 - -

m—9 KSH+MV 100 0 49.04 - -

SDH+MV 91.57 82.08 | 86.73 - -

KSDH_H+MV 91.50 76.23 | 85.48 - -

KSDH_B+MV 92.94 81.32 | 87.02 - -

GH+MV 89.02 84.34 | 86.63 - -

SGH+MV 88.82 86.79 | 87.79 - -
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KSH+GTG 92.55 63.58 | 77.79 68.31 73.14
m=9 SDH+GTG 91.26 83.46 | 87.29 87.28 87.19
KSDH_H+GTG | 92.55 82.64 | 87.39 87.39 87.39
KSDH_B+GTG | 90.76 85.04 | 87.85 87.85 87.85
GH+GTG 90.22 84.47 | 88.31 88.31 88.31
SGH4+-GTG 91.41 86.34 | 88.83 88.50 88.73
SVM+MV 94.71 93.40 | 94.04 - -
KSH+GTG 97.25 93.40 | 95.29 73.54 82.15
All SDH+GTG 96.86 92.83 | 94.81 94.81 94.81
KSDH_H+GTG | 97.65 91.32 | 94.42 94.12 94.25
KSDH_B4+GTG | 96.86 92.82 | 94.80 94.80 94.80
GH+GTG 97.06 93.21 | 95.10 95.10 95.10
SGH+GTG 97.45 93.40 | 95.38 95.38 95.38

When all cells are selected, both GH+GTGand*SGH+GTG outperform
SDH on classification accuracy, precision and MAP; GH4+GTG has similar
performance to KSDH_H and KSDH_By.while\SGH4+GTG has slightly bet-
ter performance; GH+GTH, SGH+GTGand KSH+GTG achieve almost the
same classification accuracy, howeverj,,GH4+GTH and SGH+GTG have sig-
nificantly better precision and MAR. than KSH. Compared to the case with
only 9 cells selected, SVM+MV, KSH+GTG, SDH+GTG, KSDH_H+GTG,
KSDH B+GTG, GH+GTPG and SGH4+GTG using all cells of each query
image can achieve better performance, especially for SGH+GTG, which us-
ing GIST features caf, achieve the best classification accuracy (97.98%) and
precision (97.50%); andithé sub-best MAP (96.52%). Note that we do not
show the results.of NN+MYV when all cells are selected, because it is very
computationally expensive. Compared to Table 1, Table 2 shows that image
classification using features extracted from cells can obtain better accuracy
than thatwusing the holistic high-dimensional features extracted from the
wholé image.”To better understand our framework and hashing algorithms,
weralso present a retrieval example in Fig 5, which further exhibits better
performance of GH and SGH than the other hashing methods. Note that the
similarity between the query and training images is calculated by using GTG,
which determines the weight of each query cell. Usually, the smaller Ham-
ming distance between a query cell and a training image, the larger weight of
the query cell. If the weight of query cells changes, different returned images
might be obtained. Moreover, the number of query cells in one image also
affects the retrieved images.
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Fig 5: A query image and its top six returned images obtained by using the six hashing
algorithms and GIST features. (The error images are marked by a red rectangle block.
Additionally, since all hashing algorithms use the strategy GTG, we do not show its name
in this figure for simplicity.)

Table 3: Training and query time (second) comparison”of different retrieval algorithms
(Since all hashing algorithms use the strategy GTG, we do not show its name in this table
for simplicity. Training time is the time with all training data learning binary codes, and
query time is the querying time of one test image used. ‘All’ means that all cells in the
query image are used for retrieval. In addition, hashing algorithms encode each cell into
10-bit binary codes.)

Time KSH SDH KSDH H | KSDH B GH SGH
Training 1.7 x 103 1.6 3.0 x 10! 2.0 x 107 1.9 x 10T 7.6
Query (m=9) | 8.8x 1073 ] 87x 107° | 88x 1073 [ 88x 103 | 85x 103 | 85 x 1073

Query (All) 3.1 3.1 3.1 3.1 3.0 3.0

Table 3 lists the training time of KSH, SDH, KSDH _H, KSDH_B, GH and
SGH, and their query time as well. KSH has the highest training time cost,
while SDH takes, the lowest. SGH costs lower training time than KSDH_H,
KSDH_Band GH, and in contrast with SDH, its training time cost is accept-
ably dower. When 9 cells are selected, all algorithms spend less query time
than'all cells being selected. Note that in Table 3, we utilize only one hash
table to retrieve relevant images, the query time can be reduced if multiple
hashing tables are used.

5.8. Retrieval performance vs. query cells

Fig 6 presents the classification accuracy, precision and MAP of different
hashing algorithms with respect to different number m of cells selected from
each query image. Fig 6a-c, Fig 6d-f and Fig 6g-i correspond to the cases
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Fig 6: Retrievallaccuracy vs the number of selected cells m. (a)-(c) Accuracy, precision and
MAP vs m,fespectively, with HOG features; (d)-(f) accuracy, precision and MAP vs m,
respectively, with GIST features; (g)-(i) accuracy, precision and MAP vs m, respectively,
with CNN features.

using HOG, GIST and CNN features, respectively. In Fig 6a-c, the clas-
sification accuracy, precision and MAP improve with the increasing of m,
and GH4+GTG and SGH+GTG perform better than KSH+GTG, KSDH_H,
KSDH B and SDH+GTG in almost all cases. When m=189, GH+GTG
achieves 94.54% classification accuracy, 94.34% precision and 94.42% MAP,
respectively. SGH+GTG can also obtain the similar results. In Fig 6d-f
hashing algorithms with GIST features have the similar trends to those with
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Fig 7: Query time vs the number m of selected anchors.

HOG features, and GH+GTG and SGH+GTG outperform KSH+GTG and
SDH+GTG. When m = 189, GH+GTG attains the best classification accu-
racy (96.06%), precision (95.84%) and MAP (96.36%) among all hashing al-
gorithms. In Fig 6g-i, the hashing algorithmswith CNN features have similar
trends to that with HOG or GIST features. When m = 189, GH+GTG at-
tains the best classification accuraey.(95.02%), precision (95.02%) and MAP
(95.02%) among all hashing algorithms. It is worthy noting that hashing al-
gorithms with CNN features can achieve their best or sub-best performance
using less number of selected cells than that with HOG or GIST features.
Although the hashing, algorithms can achieve better results with a larger
number of cells selected, Fig 7 suggests that a larger m means a higher query
time cost. Thereforeyin practice, we make a trade-off between the retrieval
accuracy and'query time.

5.4. Retrieval performance vs. dimension

I this section, we show the retrieval accuracy of various hashing al-
gorithms with different number ¢ of dimensions. Fig 8 presents the per-
formance of various hashing algorithms with ¢ during [2,20], respectively.
Fig 8shows that SDH+GTG and KSDH_B can achieve robust performance
are more robust on different number of dimensions with HOG, GIST or
CNN features; Fig 8 also displays that SGH+GTG and KSDH_H+GTG ob-
tain robust performance with HOG or GIST features, while SGH+GTG and
KSDH_H+GTG with CNN features achieve bad performance at 2- and 4-bit,
respectively. GH+GTG achieves robust performance on CNN features, while
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Fig 8: Retrieval accuracy’vs the number of dimensions ¢. (a)-(c) Accuracy, precision and
MAP vs ¢, réspectively, with HOG features; (d)-(f) accuracy, precision and MAP vs c,
respectively, with \GIST features; (g)-(i) accuracy, precision and MAP vs ¢, respectively,

with CNN features.

its"performiance is slightly changing with different number of dimensions on
HOG or GIST features. KSH has worse retrieval accuracy on the three types
ofifeatures when c is small, probably because it utilizes the greedy strategy to
attain the approximated optimal solutions. When encoding cells into 10-bit
binary codes, all hashing algorithms except KSH can achieve their best or

(h)

sub-best performance on HOG, GIST and CNN features.
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5.5. Parameters analysis

In the proposed algorithm GH, two essential parameters o and 7 affect
its classification and retrieval performance. In SGH, besides o and v, M also
largely affects its performance. We show their classification accuracy on dif-
ferent parameters with GIST features used in Fig 9. Since M is determined
by the number of N, we use Rate to describe the relationship between M
and N in Fig 9, where Rate = 4f. As shown in Fig 9, the range, of both
« and v is [1076,1075,1074,1073,1072,107%, 1, 10] and the range of Rate is
from 2% to 40% with the step 2%. Fig 9a shows the accuracy/of*GH with
different o and ~, which can achieve the best or sub-best accuracy during
the range [107¢,107°,107%,1073,1072,107!] and [107%105%,107*,1073], re-
spectively; Fixing Rate = 10%, Fig 9b displays the‘aceuracy of SGH with
different o and vy, which can achieve the best or sub-best-accuracy during the
range [107%,1075,1074,1073,1072] and [107%, 1075, 107*, 1073, 107?], respec-
tively; Fixing v = 1073, Fig 9¢ presents the accuracy of SGH with different
Rate and «, which can achieve the best or sub-best accuracy during the range
from 4% to 28%, and [1075, 1075, 10~%,10=3], respectively; Fixing o = 1073,
Fig 9d shows the accuracy of SGH( with” different Rate and ~, which can
achieve the best or sub-best accuracy during the range from 4% to 40%, and
[1076,1075,1074,1073,107?], respéetively. Similar findings can be observed
on HOG and CNN features. In our experiments, we choose v = 1073 for both
GH and SGH, set a = 107* for GH, and select a = 107 and Rate = 10%
for SGH. Using these parameters, the proposed methods GH and SGH can
obtain the approximately best and robust performance.

Fign9:7Classification accuracy on different parameters with GIST features. (a) Classifica-
tion accuracy of GH on parameters a and v; (b) Accuracy of SGH on parameters o and
v ‘with M = 0.1N; (c) Accuracy of SGH on parameters Rate and o with v = 1073; (d)
Accuracy of SGH on parameters Rate and v with o = 1073,
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5.6. Discussion and future work

Based on experiments on the lung cancer database, we can observe that:
(1) SVM+MV, SDH+MV and GH+MYV obtain reasonable image classifica-
tion accuracy, but NN+MV and KSH+MV sometimes perform worse than
NN and KSH. (2) The performance of all eight algorithms is affected by
extracted features. GIST obtains better performance than HOG and CNN
features when all cells are selected, although CNN features can achieve,bet-
ter performance than GIST and HOG features when 9 cells argsselected.” (3)
The GTG matching can be effectively combined with the hashingralgorithm
for image retrieval and exhibits superior performance to MV. (4) Among six
hashing algorithms, SGH and GH achieve superior retrieval performance to
KSH, SDH, KSDH _H and KSDH_B in many cases; (5) Although all hashing
algorithms can quickly retrieve the most relevant images’ when 9 cells are
selected, the query time is relatively high whenwall cells are selected. The
main reasons are summarized as follows:

e SVM+MV, SDH+MV and GH+MV provide promising performance,
because their classification accuracy“on each type of cells is larger than
50%. Based on Eq. 1 and Fig 2{for p € (0.5,1), the classification
accuracy will increase when the mumber of cells grows. By contrast,
the classification accuracy will*decrease if p € (0,0.5), and this is the
main reason why NN4-MV and KSH+MV has inferior performance to
NN and KSH.

e GIST and HOG are much faster than some other popular feature ex-
traction methods like’SIFT, and thus they are more suitable for tackling
the large-seale'eell problem. Usually, GIST extracting features via de-
scribing the entire cell image achieves better performance than HOG
extractingeell texture and edge information. It suggests that global in-
formation’of cell images is more important than their texture and edge
information on cell and image classification, probably because global
information contains the shape and area of the cell, which is beneficial
to the cell and image classification. CNN features show superior per-
formance to GIST and HOG features when a small number of cells are
selected, while with all cells selected, they exhibit slightly worse perfor-
mance than GIST and even HOG features, probably because: (1) CNN
features contain high-level information, while HOG and GIST extract
low-level information. This leads to better performance of CNN fea-
tures when few cells are selected; (2) When all cells are selected, a large
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number of cells in one query image will decrease the gap of accuracy
obtained by GIST, HOG and CNN features, and CNN features might
lead to overfitting to some extent.

For GTG, when most of cells of one query image have smaller distafnces
to one certain training image than that to the other training images,
the distance of these two images will be the smallest in most oficases.
Thus, GTG is effective for image classification and retrieval. Compared
to MV, GTG is a weighted voting strategy which can better measure
the similarity between the query image and those inthe database, be-
cause the cells in one query image might have different) distance to
a specific target image. This explains why KSH+GTG, SDH+GTG,
KSDH H+GTG, KSDH B+GTG, GH+GTGland SGH+GTG outper-
form KSH4+MV, SDH+MV, KSDH_H+MV, KSDH_B+MV, GH+MV
and SGH+MYV, especially for KSH, whese ‘¢lassification accuracy on
squamous cells is smaller than 50%.

Compared with KSH that uses the symmetric relaxation + greedy strat-
egy to learn binary codes, GH.and\SGH directly preserve the discrete
binary code matrices to reduce\the accumulated quantization error be-
tween the discrete and its relaxed matrices. This might be the main
reason for the superior.performance of GH and SGH to KSH. Addi-
tionally, GH and SGH can be easily solved and the optimization proce-
dure quickly convergesyand thus they require lower training time costs
than KSH. Compared)with SDH, GH and SGH produce better perfor-
mance in almost all’cases, probably because the performance of SDH
is largely~affected by the selection of kernels, and the graph structure
in our‘methods can better preserve the similarity (label) information
than the regression model used by SDH. Compared with KSDH_H and
KSDH_B/SGH and GH can have superior performance in many cases,
probably because (1) KSDH_H and KSDH B do not jointly learn bi-
nary’codes and projection matrices, and (2) their performance highly
relies on the kernels; however, SGH and GH formulate binary code and
projection matrix learning into a joint optimization problem, and the
parameters a and v can achieve their best performance during a wide
range.

When all query cells are selected, the time cost of image searching is
high. To alleviate this issue, currently we can utilize multiple hash-
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ing tables to reduce time costs. In our future work, we will design a
novel weighted voting algorithm with lower querying time costs and
meanwhile obtaining similar or even better performance. Moreover,
our framework utilizes the segmentation method (Xing et al., 2014)40
crop cell patches, which takes a high relatively time cost for large-scale
image data. One potential solution is to design an end-to-end deep
learning model for efficient cell segmentation, which will beour future
work.

e In addition to lung images, we also conduct some expéeriments on other
pathological applications including breast and brain cancers diagnosis,
and our proposed framework can produce good performance. Moreover,
they might be also suitable for 3D /4D pathological images with effective
features (e.g., CNN features), since the préposed framework including
the hashing algorithms are general methods.

6. Conclusion

In this paper, we present a hashing-based image retrieval framework for
pathology image analysis. Firstly, we explain the reason why image classifi-
cation can benefit from cell-level information. Then we present a graph-based
hashing algorithm via asymmetric relaxation to encode each cell into a set of
binary codes. To improveythe scalability of the proposed graph hashing al-
gorithm, we further propose anovel algorithm, namely scalable graph-based
hashing. Next, wespropose a group-to-group matching method to retrieve
images based on/binary codes of cells. Experimental results on lung cancer
images demonstrate the effectiveness and efficiency of our framework. Since
the method.group-to-group matching takes relatively high searching time for
the largetnumber of cells in one query image. In the future, we will design
a novel weighted voting method with lower time costs and meanwhile ob-
taining similar or even better performance. Additionally, since training and
query images usually contain many noise cells, which usually affect the per-
formance of the framework, in the future we will focus on selecting robust
cells to further improve the robustness of the proposed framework. Moreover,
based on the proposed framework we will design an end-to-end deep learning
model for efficient and fast cell segmentation so that the total time cost is
decreased.
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