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Abstract

Dictionary learning has shown its effectiveness in computer vision with the concise expression form but the powerful
representation. Dictionary learning represents images with a bag of visual words (BoVW), which is a collection of atoms
expressively representative for images. Recently, several task-specific dictionary learning methods have been proposed and
successfully applied in medical image analysis, such as de-noising, classification, segmentation, and so on, which promotes
the development of computer-aided diagnosis. In this paper, first we give a survey for dictionary learning-based medical
image analysis methods including: (1) three discriminative dictionary learning frameworks, (2) CT image de-noising based on
dictionary learning, and (3) histopathological image classification using sparse representation. Then, a novel method named
Low-rank Shared Dictionary Learning (LRSDL), is presented to achieve accurate glaucoma diagnosis on fundus images.
The LRSDL generates a shared codebook for image reconstruction and a particular one to handle the difference between the
healthy and glaucomatous images. Benefit from this strategy, LRSDL not only possess distinct glaucoma-related features,
but also share common patterns among all the fundus images. Experimental results show that the method effectively delivers
glaucoma diagnosis with the accuracy of 92.90%. This endows dictionary learning method a great potential for glaucoma
diagnosis and proves the feasibility of its application to medical image analysis.

1 Introduction

With the rapid accumulation of medical big data, build-
ing systems for automated image analysis is essential and
necessary for the clinical practice and research. In the past
decades, machine learning became increasingly popular in
medical image analysis [1-3]. As a leading machine learn-
ing methodology, dictionary learning is good at spare image
representation because it lies in the expressiveness and dis-
crimination of the bag of visual words [4]. Most research
focus on dictionary learning methods for medical image
analysis, such as image de-noising [5—10], classification
[11-20], segmentation [21-26], and so on.
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Dictionary learning is a representation learning method
which aims at finding a sparse representation of the input
data in the form of a linear combination of basic elements.
The elements are called as atoms or visual words which
forming a dictionary. In the classical dictionary approach,
visual words are generated from all training images and
collected into a dictionary. Based on the generation of the
representative dictionary, a global representation per image
is extracted as the histogram of visual words and provides
a unique feature for image classification, de-noising, seg-
mentation, and so on. Existing applications of dictionary
learning methods in medical image analysis are mainly
concentrated in: (1) CT image de-noising, where dictionary
can effectively distinguish the noise-free image and noisy
part from sparse representation; (2) Histopathological image
classification, where dictionary can capture its diverse his-
tology features to make accurate diagnose.

While the discriminative power of dictionary learning is
nowadays demonstrated, one of the fundamentally important
topic in computer vision and medical image analysis is find-
ing the sparse representation for dictionary learning model.
Nowadays, most researches are devoted to improving the
performance of dictionary learning model by enhancing the
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representation ability of the sparse representation, especially
the discrimination power of the learned dictionary. However,
there are still challenging due to: (1) inevitably introduced
noise in the process of medical image acquisition, transmis-
sion and recording because of the limitations of medical
imaging system, blurs or masks the important information of
the images; (2) lack of effective method to design discrimi-
native class-specific dictionaries; (3) the high variability and
extreme inhomogeneity of medical images make it difficult
to capture available features.

In this paper, we give a survey for dictionary learning
in medical image analysis and its application for glaucoma
diagnosis. Firstly, we introduce and compare three of the
most widely used discriminative dictionary learning models,
including discriminative K-SVD (D-KSVD), label consistent
K-SVD (LC-KSVD) and Fisher discrimination dictionary
learning (FDDL); Secondly, we summarize the applications
of dictionary learning methods in medical image analysis,
including applications in CT image de-noising and histo-
pathological image classification; Lastly, we utilize the
low-rank shared dictionary learning (LRSDL) to achieve
glaucoma automatic diagnosis on fundus images for the
first time.

2 Review of Dictionary Learning Methods

In recent years, multitudes of researchers have been devoted
to the study of designing a discriminative dictionary to
improve the performance of dictionary learning models. In
other words, dictionary atoms should have different charac-
teristics according to the requirements of specific applica-
tion problems. In this section, we will introduce three dis-
criminative dictionary learning methods proposed recently,
including Discriminative K-SVD, Label Consistent K-SVD
and Fisher Discrimination Dictionary Learning. We focus on
their improvements of objective function and the relation-
ship among them.

2.1 Discriminative K-SVD

When sparse representation [27] was initially applied to
image processing problems, the dictionary was formed by all
the training images. The major drawback connected with this
approach is that the representational power of the diction-
ary especially lies in the quality and quantity of the training
image. In order to overcome the shortcoming, K-SVD algo-
rithm [28] was widely employed for learning a smaller-sized
dictionary from the given training images while maintaining
the representational power of the dictionary, which finds a
solution for the following problem:
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<D,X> =argmin || Y - DX ||,
o M

subjectto || x; ||, T

where Y is the set of input samples, D is the dictionary,
X =[x}, ..., xy] is the coefficient matrix, and T determines
the sparse degree of the representation coefficient. It’s obvi-
ous from the expression that the K-SVD only focuses on the
representational power of the dictionary without considering
its capability for discrimination.

Zhang et al. [29] proposed Discriminative K-SVD
(D-KSVD) to obtain a dictionary that has both representa-
tional power and good discrimination capability based on the
K-SVD model for general sparse representations. It added
a simple linear regression term as the penalty term and its
objective function is as follow:

<D,W,X>=argmin || Y - DX ||,
D.W.X

+ 7 I H=WX I +8 | W I, @)
subjectto || x; ||(< T

where H is the label of the training samples, W is the param-
eter of the classifier, and y and f are scalars controlling the
relative contribution of the corresponding terms. The first
regularization term determines representation ability and the
second term indicates discrimination power.

2.2 Label Consistent K-SVD

Jiang et al. [30] proposed Label Consistent K-SVD (LC-
KSVD) to learn a discriminative dictionary for sparse cod-
ing. Besides the reconstruction error and the classification
error mentioned in D-KSVD, they introduced a new label
consistency constraint called “discriminative sparse-code
error” into the objective function. The newly added term
can connect label information with each dictionary atom to
enforce discriminability in sparse codes during the diction-
ary learning process. Its objective function can be defined
as follows:

<D,W,A,X>=argmin || Y - DX ||,
DWAX

+yIH=-WXIL,+pllQ-Ax, O
subjectto || x; ||, T

where the same notation and terms used in D-KSVD have
the same meaning, and Q = [q;,¢», ... , qy] € RFV are the
“discriminative” sparse codes of input samples Yfor classifi-
cation. Andg; = [ql.l,ql.z, ,qf]’ =10,...,1,1,...,0]' € R
is the class indicator of the input sample y;, where the
nonzero value indicates that the input sample has the same
label as the dictionary atoms. The term || Q — AX ||, repre-
sents the discriminative sparse-code error, which enforces
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that the transformed sparse codes AX approximate the dis-
criminative sparse codes Q. It forces the samples from the
same class to have very similar sparse representations, which
results in good classification performance even using a sim-
ple linear classifier.

2.3 Fisher Discrimination Dictionary Learning

Yang et al. [31] proposed a novel Fisher discrimination-
based dictionary learning (FDDL) scheme. The Fisher dis-
crimination criterion was imposed on the coding coefficients
to improve its discrimination. Meanwhile, they learned a
structured dictionary which associated the dictionary atoms
with the corresponding class labels. It made the reconstruc-
tion error discriminative. In order to achieve the above target
functions, they designed the following objective function:

<D, X> = argminL(Y, D, X)
D.X

“
+a |l Xl +4f(X)

where Y =[Y},Y,,...,Y.] is the set of training samples,
and Y; is the subset of the training samples from class
i, and c is the total number of classes. Both the diction-
ary D=1[D,,D,,..,D,] and the coding coefficients
X =[X,,X,, ..., X,] are discriminative, where D; is the class-
specified sub-dictionary associated with category and X;
is the sub-matrix containing the coding coefficients of Y
over D. The first item determines the discrimination of the
learned dictionary; the second term is the sparsity constraint;
f(X) indicates the discrimination ability of the coefficient
matrix X.

The first term in Eq. 4 is usually called as the discrimina-
tive fidelity term. It can be formulated as follow:

L(Y.D,X) =|| Y; = DX; 7. + | Y; = D.X; II7

+ Y I DX 2 )
J#I

By minimizing the above formula, each class-specific sub-
dictionary in the whole structured dictionary is good at rep-
resenting the training samples from the associated class but
poor at representing other classes.

The third term f{X) which called as Fisher-based discrimi-
native coefficient term, is designed as follow:

c
fO=YNX =M - IM-MIE+1IX1: (6
i=1

where M, and M are the mean vector of X; and X respectively.
Through minimizing the function, the coding coefficient is
discriminative since it can minimize the intra-class differ-
ences and maximize the inter-class differences of X at the
same time.

The purpose of the three dictionary learning method men-
tioned above is to obtain a discriminative dictionary. Their
relationships are shown in Fig. 1. It’s obvious that the three
methods incorporate discriminative terms into objective
function to get a discriminative dictionary.

3 Applications in Medical Image Analysis

Dictionary learning methods have been successfully
exploited in several medical image analysis tasks, including
image de-noising and a variety of classification works. In
this paper, we focus on the CT image de-noising and histo-
pathological image classification. Finally, on behalf of dem-
onstrating the potential of dictionary learning in the field of
medical image analysis, we apply the dictionary learning
method to the glaucoma diagnosis task.

3.1 CTImage De-noising

In the past decade, Computed Tomography (CT) has become
an important tool in clinical diagnosis, but it also brings
high radiation doses to patients during X-ray CT examina-
tions. Therefore, in clinical practice, decreasing the X-ray
tube current is generally utilized to decrease radiation dose,
so as to reduce the harm it causes to human. Nevertheless,
low-dose CT (LDCT) is bound to provide degraded images
due to increased noise and artifacts.

Noise can be removed efficiently by sparse representation
model. Given a noisy image, sparse representation model
assumes that the noise-free image can be sparsely repre-
sented via a redundant dictionary, whereas the dictionary
cannot represent the noisy parts sparsely. Then the noise can
be removed efficiently according to this difference.

Based on the idea mentioned above, many dictionary
learning methods have been applied to improve the perfor-
mance of sparse representation model for medical image
de-noising. Yu et al. [6] first proposed a method of CT image

Classification
error term

D-KSVD

Sparse-code Discrimination

error term of dictionary
LC- Discriminative
KSVD dictionary
Discrimination

of coefficient

Discriminative
fidelity term

FDDL

Discriminative
coefficient term

Fig. 1 Relationship between D-KSVD, LC-KSVD, and FDDL
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de-noising based on sparse representation using a global dic-
tionary. They applied the K-SVD algorithm to train a global
dictionary used to approximate the image’s local feature.
If different images had similar features, they could use one
dictionary to de-noise these images although these images
were different. When it was used to reconstruct the image,
they added gauss weight, which improved the performance
of de-noising. Bai et al. [14] proposed a method of de-nois-
ing based on clustering integration and sparse dictionary
learning, then applied it to medical image de-noising. In
this approach, the kernel regression and clustering integra-
tion were combined to improve clustering performance. The
sparse dictionary learning algorithm was then used to learn
the dictionaries of each cluster. Since the method used both
self-similarity and sparse prior knowledge, training dic-
tionary was stable and adaptable. To prove the performance
of their method, they took several experiments on two CT
images and two MR images. Experimental results showed
that the method had good performance and good stability
between running time and efficiency comparing with several
current excellent algorithms.

As for artifacts, it is found in [7] that high-contrast arti-
facts can also obtain prominent sparse representation. There-
fore, it’s hard to suppress it effectively via ordinary diction-
ary learning processing. Shi et al. [8] introduced an artifact
suppressed dictionary learning algorithm (ASDL), which
exploited scale and orientation information of artifacts to
construct discriminative dictionaries for artifact suppres-
sion. The algorithm contained two main steps. On the first
stage, three novel discriminative dictionaries were devised
to characterize high-frequency artifact components in differ-
ent orientations. Then, the residual noise and artifacts were
suppressed by the general dictionary learning processing.

3.2 Histopathological Image Classification

Histopathological images carry rich structural information,
making them important to the diagnosis of many diseases.
Simultaneously, due to the diversity of histology features
and rich geometric structure, it’s a great challenge for doc-
tors to make an analysis of histopathological images and
diagnose diseases. In recent years, computer-aided diagnosis
(CAD) technology has developed rapidly and been applied
widely, which has been a great assist to doctors. Recently,
sparse representation has played an important role in image
classification tasks and gradually become one of the hottest
research fields. Liu et al. [12] firstly exploited sparse repre-
sentation for CAD classification. Subsequently, the sparse
representation framework has been frequently applied to the
medical domain.

Srinivas et al. [13, 19] firstly applied the sparse represen-
tation to histopathological image representation and clas-
sification. Considering the importance of the relevance of
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color information for histopathological image classification
tasks, they proposed a simultaneous sparsity model (SHIRC)
for multiple color channels of histopathological images. The
authors exploited the correlations among the RGB channels
of the color images in a sparse linear model setting under
suitable channel-wise constraints. Subsequently, inspired
by that pathologists often diagnose a tissue image based
on local objects and the presence or absence of these local
objects in an image matters much more than their absolute
spatial location, they infused the simultaneous sparsity
model with a robust locally adaptive flavor (LA-SHIRC) to
address the issue of correspondence of local image objects
located at different spatial locations. In fact, they replaced
the whole image with local desired object blocks, then
obtained the class decision of each test image block through
SHIRC model, and combined the block decisions to identify
the global image at last.

Whether it’s SHIRC or LA-SHIRC, they both used all
the training samples as atoms to construct dictionaries.
However, recent work has shown that adaptive dictionar-
ies significantly outperform ones constructed by simply
stacking training samples together. To optimize the above
frameworks, a novel method of Histopathological Image
Classification based on Discriminative Feature-Oriented
Dictionary Learning (DFDL) was proposed in [11, 18]. The
main challenge in the histopathological analysis is the geo-
metric richness of tissue images which results in difficulty to
obtain reliable discriminative features for classification. To
overcome the challenge, [11] proposed an automatic feature
discovery framework via learning class-specific dictionaries
and presented a low-complexity method for classification.
It introduced the label information of training samples and
directly learned health dictionary and diseased dictionary.
The framework worked by minimizing intra-class differ-
ences, while simultaneously emphasizing inter-class differ-
ences in the dictionary learning stage.

Because of the geometric richness of histopathologic
image and the various types of cells, the morphological and
geometric changes of cells may be large in the homogeneous
images, while there are certain similarities in non-homoge-
neous images, which results in a distance between image
features belonging to the same class may be greater than
the different category. Therefore, the healthy and diseased
dictionaries learned by DFDL had high similarity. To make
up for this shortcoming, Tang et al. [17] proposed a Dis-
criminative feature-oriented dictionary learning method with
the Fisher criterion (FCD-FDL) for histopathological image
classification. In order to improve the difference between
health dictionary and diseased dictionary, they used Fisher
criterion to directly constrain the intra-class distance and the
inter-class distance of the learning dictionary (minimize the
intra-class distance and maximize the inter-class distance),
rather than constrained sparse representation coefficient and
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obtained a more discriminative healthy dictionary and dis-
eased dictionary. At the same time, better performance of
the sparse representation was obtained by minimizing the
reconstruction error based on the same class samples over
the learned dictionaries and maximizing reconstruction error
based on different class samples. Finally, the classifier was
constructed by employing the reconstruction error vector of
test samples.

As described earlier, local image regions of the histo-
pathologic image from different classes may share common
features. To solve the problem furtherly, Li et al. [20] pro-
posed a new framework named analysis-synthesis model
learning with shared features (ALSF) algorithm for his-
topathologic image classification. This framework could
represent both similarities and differences in histo-patho-
logical images from distinct classes more accurately due to
the learning of a low rank shared dictionary and a shared
analysis operator. And it combined analysis dictionary
(determines the sparse code from the images) and synthe-
sis dictionary (yields images by multiplying with the sparse
code) to learn the classifier and the feature extractor at the
same time, which reduced the computation load efficiently.

Comparing with the above three methods, as shown in
Table 1, it shows that with the improvement of dictionary
discrimination ability, the classification performance of the
dictionary learning framework also improves. The results
indicate the potential of dictionary learning method in the
application of medical image classification tasks.

4 Low-rank Shared Dictionary Learning
for Glaucoma Diagnosis

To demonstrate the availability of dictionary learning in
medical image analysis, we apply it to glaucoma diagno-
sis task. Considering the high variability among glaucoma
individuals, we propose to utilize low-rank shared dictionary
learning(LRSDL) [32] method to availably capture discrimi-
native features and obtain more reasonable representation.

Finally, the method achieves accuracy of 92.90% on RIM-
ONER?2 datasets.

4.1 Computer-Aided Glaucoma Diagnosis

Glaucoma is an irreversible chronic blinding fundus disease
[33]. The optic nerve injury caused by glaucoma cannot be
recovered and cured. Therefore, early diagnosis and timely
intervention are the most effective ways to prevent and treat
glaucoma [34]. In recent years, with the successful appli-
cation of computer-aided diagnosis (CAD) technology in
clinical practice, the glaucoma recognition method based on
computer vision technology has developed rapidly, and plays
an indispensable role in the early diagnosis and automatic
screening of glaucoma [35-37]. At present, the research
of glaucoma recognition method based on computer-aided
analysis mainly focuses on the detection and segmentation of
optic disc and optic cup, and then the cup/disc ratio (CDR) is
used as the classification criterion [38—40]. Although these
methods have achieved good results, they still face the fol-
lowing challenges:

(1) The description of fundus features of glaucoma is inac-
curate and incomprehensive. The fundus characteristics
of different types of glaucoma at different periods are
various. Especially, some pathological characteristics
are manifested outside the optic disc, such as atro-
phy around the optic disc and retinal nerve fiber layer
defect. Therefore, it’s not comprehensive to identify
glaucoma only according to CDR.

Existing identification methods cannot cope with the
high variability and extreme inhomogeneity of optic
disc structure from fundus image across subjects.

2

To settle the above challenges, we extract the color, Gabor
and Histogram of Gradient(HOG) features of the images to
comprehensively describe the fundus characteristics. More
specifically, we adopt LRSDL, which generates a shared
dictionary and particular dictionary simultaneously, to deal

Table 1 Classification results

. ) Class Kidney Lung Spleen Method
comparison of different methods
on ADL dataset Healthy Diseased Healthy Diseased Healthy Diseased
Healthy 0.8110 0.1890 0.7500 0.2500 0.6500 0.3500 SHIRC
0.8723 0.1277 0.9234 0.0766 0.8999 0.1001 DFDL
0.8809 0.1191 0.9509 0.0491 0.9064 0.0936 FCDFDL
0.8550 0.1450 - - - - ALSF
Diseased 0.1946 0.8054 0.1500 0.8500 0.1167 0.8833 SHIRC
0.1405 0.8595 0.0576 0.9424 0.0599 0.9401 DFDL
0.1311 0.8689 0.0375 0.9625 0.0409 0.9591 FCDFDL
0.1300 0.8700 - - - - ALSF
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with high variability and extreme heterogeneity among
individuals.

4.2 Low-rand Shared Dictionary Learning
for Glaucoma Diagnosis

In practice, ophthalmologists mainly diagnose glaucoma by
judging whether the fundus image from the patient has the
pathological characteristics of glaucoma. In general, only a
few small areas of the patient’s fundus image contain path-
ological features. In other words, different fundus images
from healthy and glaucoma individuals not only possess
distinct class-specific features but also share common pat-
terns. Based on this theory, we apply the Low-rank Shared
Dictionary Learning (LRSDL) method [32] to glaucoma
classification.

LRSDL model mainly contains two process: dictionary
learning and classification. During the learning process,
LRSDL introduces a shared dictionary D, to the model based
on FDDL method. With the addition of Dy, a sample Y; will
be well represented by the collaboration of the particular dic-
tionary D; and the shared dictionary D,. Formally, the total
dictionary learned by the model is expressed as D’ = [DD,],
and let X' = [X",(X°)"]" and X/ = [(X)", (X")"]". The dis-
criminative fidelity term L(Y, D, X) in (5) is redefined as:

L'Y,D . X")=| Y;— DX - DX ||

2 i 112 7
+ 1Y, =D'X] I3+ 1 DX I )
J#i

where the shared dictionary is added to the reconstruction
error term, but is excluded from the class-dictionary learn-
ing term. The Fisher-based discriminative coefficient term
J(X) is described as:

F&X =00+ | X0 =M |7 8)

where MY is the mean vector of X° columns, and the addi-
tional item forces the coefficients of all training samples
represented via the shared dictionary to be similar, so that
the contribution of the shared dictionary to the reconstruc-
tion of every sample is approximately the same. Finally, the
objective function of the LRSDL is:

<D',X'> = argminL’ (Y, D', X")
DX
A ! 4 (9)
+all X |l 8 (X)) + 7 |l Dy Il

where the term || D, ||, can constrain rank(D,) to be small
to avoid the shared dictionary from containing the element
of discriminative dictionary. Both the additional terms are
crucial to improving the performance of dictionary learning
model.
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After the dictionary construction, we first acquire the
coefficient vector x’ for a new test sample y relied on the
total dictionary D’. Formally, x’ is calculated as follow:

¥ = argmin || y = D' |13 +a || ¥ |
) 0 012 (10)
+ AN = |

Then, we extract the contribution of the shared dictionary
before classification. That’s to say, the class label of y is
determined by the particular dictionary. Formally, the clas-
sification scheme can be described as:

argmin(w || Y — D' ||§ +(1 - || x—m, ||§) an
1<i<C

where y' =y — Dpx?, and w € [0, 1] is a preset weight for

balancing the contribution of the two terms.

The whole implementation framework of our experiment
is demonstrated as Fig. 2. It’s shown that the total framework
is consisted of three distinguished parts: feature extraction,
dictionary construction and glaucoma diagnosis. In feature
extraction stage, in order to depict the changes of the optic
disc for glaucoma accurately and comprehensively, this
experiment comprehensively utilized color distribution,
Gabor filtering and Histogram of Gradient (HOG) methods
to describe the fundus image features from different aspects
such as color, structure and texture. The features extracted
from fundus images are shown as Fig. 3. The three features
are combined at last to comprehensively describe fundus
images in the form of vectors. In the dictionary construction
stage, the obtained eigenvectors are fed to LRSDL model to
achieve dictionary learning. Considering that different fun-
dus images not only possess distinct class-specific features
but also usually share common patterns with each other,
LRSDL model gets a particular and shared dictionary at
the same time in the dictionary learning stage. This way
the fundus image can be described more reasonably. In the
classification stage, the test samples are represented by the
combined dictionary and its sparse coefficient is obtained.
Finally, the classification criterion adds the intra-class dis-
tance of the coefficient on the basis of reconstruction error.
Specially, the reconstruction error is calculated with shared
dictionary excluded.

4.3 Experiments and Results

The experiment is conducted on a publicly available glau-
coma image dataset, named RIM-ONE R2, which includes
455 images from different individuals, 255 from healthy
individuals and 200 from patients with glaucoma at different
stages. In the experiment, 150 images are randomly selected
from healthy individuals and glaucoma patients respectively
as training datasets, and the rest are used as test samples. As
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Fig. 3 Feature extraction on fundus images. a Multi-direction gabor feature highlight the texture information of the image; b extract the informa-
tion of the three channels of RGB respectively; ¢ HOG feature focus on capturing the edge information of blood vessels

for dictionary construction, the shared dictionary contains
10 dictionary atoms, each particular dictionary contains
60 words, and finally, the whole dictionary contained 130
words.

For evaluation, we employ three evaluation criteria
to measure the performance of our method, including:
Sensitivity = TP /(TP + FN), Specificity = TN /(TN + FP),
and Accuracy = (TP + TN)/(TP + TN + FN + FP), where
TP and TN denote the number of true positives and true
negatives, respectively, and FP and FN denote the number
of false positives and false negatives, respectively. Sensitiv-
ity refers to the proportion of the samples actually suffer-
ing from glaucoma that are correctly recognized, which is

equivalent to the ability of the algorithm to recognize glau-
coma. Specificity represents the ability of the algorithm to
recognize healthy samples. Accuracy is the proportion of all
test samples correctly classified.

We conduct ten times experiments randomly on the
dataset, and the best results reaches accuracy of 0.9290,
sensitivity of 0.9600, and specificity of 0.9143. The experi-
mental results demonstrate that our method is capable of
distinguishing glaucoma. To prove the competitiveness of
our method, we compare our method with several existing
state-of-the-art glaucoma screening baselines. As shown in
Table 2, our method obtains higher accuracy of 0.9290 based
on RIM-ONE R2 dataset, which increases the accuracy by
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Table 2 Performance comparison between LRSDL and existing
methods (No. represents number of image from dataset; Acc., Sen.
and Spec. represent the accuracy, sensitivity and specificity respec-
tively.)

Method Dataset (No.) Acc. Sen. Spec.
RF [41] RIM-ONE R2 (455) 0.8242 0.8706  0.7650
Drishti-GS (101) 0.7843  0.9571  0.7073
DENet [42] SCES (1676) 0.8429  0.8478  0.8380
SINDI (5783) 0.7495 0.7876  0.7115
Our LRSDL  RIM-ONE R2 (455) 0.9290 0.9600 0.9143

10.48% compared with [41], and our algorithm can get better
results on fewer datasets compared with [42]. This mainly
profit from the strong expressive power and discrimination
power of the dictionary learned by LRSDL model.

5 Conclusion

Dictionary learning methods have emerged as one of the
most successful methods for medical image analysis. In
recent years, numerous studies have proved their practi-
cal value. This paper summarizes some main concepts and
methods of dictionary learning and reviews some of the
published research on the application of dictionary learning
methods to de-noising and classification for medical images.
Most of these studies have obtained very good results.
Especially, we apply low-rank shared dictionary learning to
achieve accurate glaucoma diagnosis. The practice of dic-
tionary learning method proves its prospect in the field of
medical image analysis.
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