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ABSTRACT The development of automated screening systems for practice needs reliable detection of retinal
hemorrhages. Automated detection of diabetic retinopathy (DR) is important for allowing timely treatment increasing
accessibility to and productivity of eye care providers. Supervised splat feature classification method involves
processing the retinal color images are partitioned into non overlapping segments covering entire image. Address
existing problems using higher level entity splat a collection of pixels with similar color and spatial location each
segment, i.e., splat, contains pixels with similar color and spatial location set of features is extracted from each splat.
The supervised classification requires high cost in acquiring labeled data for training and it does not include active
learning training set. The proposed work presents unsupervised active learning classification for detecting retinal
hemorrhage in digital fundus images. The classifier automatically identifies the continuous hemorrhage connected with
retinal vessel. Annotations help in comparing the variability of experts in interpreting same set of images in terms of
clinical relevance and better definition of reference standard. Extend splat feature classification to learn from both
labeled and unlabelled training data. The proposed active learning classification models choose the hemorrhage from
retinal vessels portions. The performance evaluation of unsupervised active learning classifier for hemorrhage detection
in retinal vessels is done with following parameters: fundus image size, active learning splat classes, hemorrhage splat
size and false positive.
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1. INTRODUCTION

Image processing is learn of a few algorithms that obtains an image as input and revisits an image as output.
In this environment, image processing is a few structure of signal processing for which the input is an image, such as
a photograph or video frame; the result of image processing may be either an image or a set of characteristics or
parameters related to the image. The majority of image-processing methods occupy treating the image as a two-
dimensional signal and employing worth of signal-processing methods to it. Image processing typically refers to digital
image processing, however optical and analog also are possible. It refers to inflection, or sharpening, of image features
such as boundaries, or contrast to make a graphic display more useful for display & analysis. This analysis does not
high level the inherent information content in data. It is apprehension with filtering the detected image to reduce the
effect of degradations. Image mining™! is the analysis of searching and determining precious information, knowledge in
huge volume of data. It is employed in Data mining, Image processing, Artificial Intelligence. Diabetic Retinopathy
(DR) is eye disorder that concern retina, at severe phase it become vision loss. Early detection of DR is useful to get
better the screening system to prevent vision loss. Retinal hemorrhage is one type of major deviation to search the Non-
Proliferative Diabetic Retinopathy (NPDR). Efficiency of image restitution depends on the scope and accuracy of the
knowledge of deprivation process as well as on filter design. Image restoration varies from image improvement in that
the later is observed with more extraction or inflection of image features. Image segmentation is the analysis of division
a digital image into multiple segments. The aim of segmentation™ is to make simpler and/or change the demonstration
of an image into incredible that is more meaningful and easier to process image segmentation is naturally used to locate
objects and boundaries in images
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ILUNSUPERVISED ACTIVE LEARNING CLASSIFICATION (UALC) FOR DETECTION RETINAL
HEMORRHAGE IN DIGITAL FUNDUS IMAGES

Retinal hemorrhage is the irregular bleeding of the blood vessels in the retina, the covering in the rear
of the eye. In retinal image, make routine detection of hemorrhage is a main braving factor!®. For automated detection
of hemorrhage, a simplified structure is requiring to teach classifiers with optimal features studied into obtainable
dataset. The fundus image screening automated system, reliable detection of retinal hemorrhage is required. Retinal
hemorrhages are formed in diabetic retinopathy and hypertension. A splat feature classification method can be utilized
to detect high level of abnormal retinal hemorrhages with large accuracy.
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Diagram of Unsupervised Active Learning Classification

Fig 2.1. described as retinal hemorrhage is the irregular bleeding of blood vessels in the retina, the covering in
the rear of eye. Blood process to the retina is preserved in the retinal vein and route and a dense network of little blood
vessels called capillaries. These blood vessels can become injured by damages and leans to bleed. This results in
impermanent or permanent failure of vision.Splat features are removed into the splat segments by believing depicters
such as color and force values. Generally RGB color space is believed for splat. From the color variation based on
strength the aspiration splat are extracted. Regular strength variation across neighboring splat can be decided into the
histogram. Splat features are chosen in two types of feature selection methods. Preface features are chosen by the filter
criterion which is followed by covering method that selects the majority relevant features. The unsupervised active
learning process categorized into three phase are:
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a) Retinal Hemorrhage in Digital Fundus Images
b) Active Splat Feature

¢) Unsupervised Learning Classifier

a) Retinal Hemorrhage in Digital Fundus Images

Retinal images are obtained from the fundus photography. Fundus imaging is the technique of obtaining 2D
representation of 3D retinal semi transparent tissues of eye. Image intensities represent amount of reflected quantity of
light from the eye. Retinal hemorrhage is the abnormal bleeding of blood vessels in the retina membrane in the back of
eye. Blood flow to the retina is maintained by retinal vein and artery and dense network of small blood vessels
(capillaries). Blood vessels are damaged by injuries and tend to bleed results in temporary or permanent loss of vision.
Retinal Hemorrhage is evaluated with acquired digital fundus images. Perform the operation of illuminating retina with
white light and examined in full color. Imaging light is filtered to remove red color improves the contrast of the blood
vessels. The gradient operators are used to attain high noise suppression in turn improve image smoothing derivatives.
It removes the mirror circular reflection of fundus images caused by edge effects. Artifacts are removed by illumination
of light with bright and contrast operations.

b) Active Splat Feature

Splat features are extracted from splat segments with color and intensity values. RGB color space is used for
splat. Color variation on different intensity used in splat extraction Gradual intensity variation across neighboring splat
is determined from histogram. Gaussian kernels used to extract regions with sharp and soft edges. Active splat features
are extracted from filter!” banks. Gaussian filter bank have no overshoot to step function minimizing rise and fall time.
Texture analysis is made on the retinal hemorrhage regions in extracting active splat features. Texture analysis evaluate
retinal image region characterized by texture content of intensity and gray level values. Active splat features are finally
obtained from gray level Co occurrence matrix . A splat feature classification™™ scheme can be utilized to detect high
level of irregular retinal hemorrhages with larger accuracy. The retinal images are divided into non overlapping
segments called splat. Splat encloses pixels with similar color and spatial location. Each splat into large range of
features are extracted based on interface of each splat with its neighbor.

c) Unsupervised Learning Classifier

Unsupervised learning classifier is made on extracted active splat features in concurrence with annotation about
the retinal hemorrhage from medical experts. Annotations from human used for generating precise classes of
hemorrhage patterns. Annotations help in comparing the variability of experts in interpreting same set of images in
terms of clinical relevance and better definition of reference standard. Learning classifier is trained to automatically
identify continuous hemorrhage connected with retinal vessel. Learning classifiers provide accurate class labels for
uncertain hemorrhages with decision surface boundary achieve high classification confidence. Separate normal
components of retina from the abnormal hemorrhages. Active splat feature classes are derived from both labeled and
unlabelled training data. Active learning classification depicts the continuation regions of hemorrhage in retinal vessels
portions. Class-label is listed based on the medical expert annotations training samples.

I1l. PERFORMANCE METRICS

In this section evaluate the performance of unsupervised active learning classification is done for detecting
retinal hemorrhage in digital fundus images through matlab environment. Performance can be compared based on
lesions™™ One of the major contributions of this work is improved classification techniques in digital fundus images.
The performance metrics of the parameters is fundus image size, active learning splat classes, hemorrhage splat size
and false positive.

e Fundus image size
e Active Learning splat classes
e False Positive
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3.1. Active learning splat classes

Classification models are checked by employing it to data with identified objective value and combine the
predicted values with well-known values. If the model executes well and meet the needs then be employed to the
current data to expect the future. Active learning splat of classifier refers to the percentage of accurate calculations
completed by the model when compared with the actual classifications in the test™.

Table: 3.1. Fundus Image Size Vs Active Learning Splat Classes

Active Learning splat classes (%)
Fundus Image Size SFA (Existing) UALC (Proposed)
30 60 79
60 58 77
90 55 76
120 53 73
150 50 71

B SFA (Existing)

BUALC (Proposed)

Active Learning Splat Classes

90

120 150

Fundus Image Size

Fig: 3.1. Fundus Image Size Vs Active Learning Splat Classes

Figure: 3.1. Demonstrate the active learning splat classes. X axis represents the fundus image size whereas Y
axis denotes the active learning splat classes using both the Splat Feature Classification (SFA) Technique and proposed
Unsupervised Active Learning Classification (UALC) Technique. When the fundus image size increased, active
learning splat classes gets increases accordingly. The active learning splat classes is illustrated using the existing SFA
and proposed UALC Technique. Figure 4.1.shows better performance of Proposed UALC method in terms of image
size than existing SFA and proposed UALC. The Unsupervised Active Learning Classification (UALC) Technique
achieves 15 to 25% high performance of active learning splat class’s variation when compared with existing system.

3.2. False Positive Rate

The rates of false positive measures were chosen based on the related work, where one or more publications
handle these measures. The intensity of the fundus image was modified in the nonlinear curvature with power values of
the hue saturation value (HSV) space™™. In regulate to highlight brown regions; gamma correction was analyzed on
red, green, and blue-bit image. For an obvious appreciating of these determines, it is essential to conceptualize a few
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classifications utilized in experimental tests for detection of diseases. When an analysis effect is positive cannot convey
it, which is known as "False Positive" (FP).

Table: 3.2. Fundus Image Size Vs False Positive (%)

False Positive (%)
Fundus Image Size SFA (Existing) UALC (Proposed)
30 48 36
60 56 45
90 67 54
120 79 68
150 84 71
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Fig: 3.2. Fundus Image Size Vs False Positive Rate

Figure: 3.2. Demonstrate the False Positive Rate. X axis represents the fundus image size whereas Y axis
denotes the False Positive Rate using both the Splat Feature Classification (SFA) Technique and proposed
Unsupervised Active Learning Classification (UALC) Technique. When the fundus image size increased, False
Positive Rate gets decreases accordingly. The active learning splat classes is illustrated using the existing SFA and
proposed UALC Technique. Figure 4.2.shows better performance of Proposed UALC method in terms of image size
than existing SFA and proposed UALC. The Unsupervised Active Learning Classification (UALC) Technique achieves
10 to 15% high performance of false positive rate variation when compared with existing system.

IV.CONCLUSION

Finally conclude the problem is unsupervised active learning classification for detecting retinal hemorrhage in
digital fundus images. Large hemorrhages are irregular in form with broad level of characteristics. A lot of hemorrhage
splat overlies with the blood vessels and effects in misclassification. This process is done for classifier automatically
identify the continuous hemorrhage connected with retinal vessel. Splat based image depiction builds it simpler for
clinicians to explain the boundaries of goal objects which may decrease the rate of obtaining reference standard data for
training. It provides the highest classification even in uncertain hemorrhages with decision surface boundary. As future
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work, it will be developed methods to detect other lesions related to diabetic retinopathy and other diseases that affect
the retina.
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