Vessel discoloration detection in malarial retinopathy
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ABSTRACT

Cerebral malaria (CM) is a life-threatening clinical syndrome associated with malarial infection. It affects
approximately 200 million people, mostly sub-Saharan African children under five years of age. Malarial retinopathy
(MR) is a condition in which lesions such as whitening and vessel discoloration that are highly specific to CM appear in
the retina. Other unrelated diseases can present with symptoms similar to CM, therefore the exact nature of the clinical
symptoms must be ascertained in order to avoid misdiagnosis, which can lead to inappropriate treatment and,
potentially, death. In this paper we outline the first system to detect the presence of discolored vessels associated with
MR as a means to improve the CM diagnosis. We modified and improved our previous vessel segmentation algorithm by
incorporating the ‘a’ channel of the CIELab color space and noise reduction. We then divided the segmented
vasculature into vessel segments and extracted features at the wall and in the centerline of the segment. Finally, we used
a regression classifier to sort the segments into discolored and not-discolored vessel classes. By counting the abnormal
vessel segments in each image, we were able to divide the analyzed images into two groups: normal and presence of
vessel discoloration due to MR. We achieved an accuracy of 85% with sensitivity of 94% and specificity of 67%. In
clinical practice, this algorithm would be combined with other MR retinal pathology detection algorithms. Therefore, a
high specificity can be achieved. By choosing a different operating point in the ROC curve, our system achieved
sensitivity of 67% with specificity of 100%.
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1. INTRODUCTION

A potentially fatal consequence of malarial infection is cerebral malaria (CM). In 2013, 198 million people worldwide
were infected with malaria, which led to over half a million deaths. 75% of these fatalities were African children under
five years of age [1]. Autopsies showed that 23% of the children were misdiagnosed with CM, [2] demonstrating the
need for alternative methods for CM diagnosis. A study [3] has found that specific retinal lesions known as malarial
retinopathy (MR) are associated with CM. Pathologies such as retinal whitening,
white-centered hemorrhages and vessel discoloration are unique to MR. These features
are partially related to ischemia, and are associated with processes occurring in the
brain that lead to coma in malaria patients [4].

This paper presents a method for detecting discolored vessels in subjects with MR. The
main characteristic of this pathology is the discoloration of retinal vessels from red to
orange or to white. The discoloration can occur in sections of vessel, continuous or
interrupted [5]. In [6], the authors proposed that discoloration is caused by the de-
hemoglobinization of parasitized erythrocytes. Vessel discoloration affects capillaries, 4
venules, and arterioles. Since vessel discoloration is more prominent in the periphery, a | Figure 1. Example of
specific ophthalmoscopy technique is used [5]. vessel discoloration.

Very few studies have addressed automatic detection of MR pathologies such as hemorrhages [7,8], whitening [9], and
vessel abnormalities [10]. To the best of our knowledge, there is no previous work on detecting vessel discoloration due
to MR in retinal fundus images.

In Section 2 of this paper, the dataset is described, as well as the methods used in the study. In Section 3, results are
shown. Discussion and conclusions are presented in Section 4.



2. DATASET AND METHODS
2.1 Dataset

The University of Liverpool provided retrospective cases that were acquired in a malaria ward in Malawi, Africa
between the years 2006 and 2014. The dataset consists of 40 mosaic images generated by stitching several images
acquired with a Topcon 50EX retinal camera having a field of view (FOV) of 50°. The distribution of cases was 31 with
discoloration and 9 with normal vasculature.

A reference standard to train our algorithms was provided by a certified ophthalmic medical technologist (COMT) who
annotated the discolored vessels in the mosaic images.

2.2 Methods

Fig 2 shows the block diagram of the proposed system to detect discolored vessels. First, we perform vasculature
segmentation by combining information from different color channels. Then, we divide the vasculature into vessel
segments and extract color features from each of them. Finally, we apply a partial least square classifier to determine
which vessel segments present discoloration. Each element of the system is described in the following sections.
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Figure 2. Block diagram of the system to detect vessel discoloration

a) Vessel segmentation

To detect discoloration, we first segment the vessels in the image. To accomplish this task, we combine the segmentation
of two color channels (green and ‘a’ from CIELab color space), as indicated in Fig 2.

(a) (b) (c)
Figure 3. Results of segmentation in the green channel. a) Original image; b) enhanced image with CLAHE; c)
vessel seamentation results.




First, we increased the contrast of the green channel of the image in Fig. 3a using contrast limited adaptive histogram
equalization (CLAHE) [11] with a matching exponential distribution (Fig. 3b). Then, we enhanced the vessels using
multiscale Frangi filters [12]. We set sigma values in the range of [3 7] for the Gaussian kernels of the Frangi filters.
After obtaining the vessel enhancement map, we improved the segmentation described in [13] by increasing contrast in
the map and by performing morphological operations on the binary map obtained after entropy thresholding [14] to
remove the noise iteratively. Fig. 3c shows the results of segmentation in the green channel. However, not all of the
vessels were captured in this channel, especially some of the thin discolored ones. We improved the segmentation by
incorporating information from the ‘a’ channel of the CIELab color space. This color space captures information from
some of the vessels that are small and discolored, and that the green channel failed to capture. Therefore, we segmented
the information from this color space to complement the segmentation found with the green channel. After removing the
segmented vessels, we inverted the color and increased the contrast of the image using CLAHE with uniform
distribution matching (Fig 4b).
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Figure 4. Results of segmentation using the ‘a’ channel of the CIELab. a) ‘a’ channel of CIELab; b) enhanced
image after removing the vessels in (a); ¢) segmentation results of (b).
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Figure 5. Final segmentation results for images with vessel discoloration. a) Original image; b) segmentation
results of Fig. 3 in white and Fig. 4 in green; c) final segmentation.




Finally, we segmented the vessel by applying the same approach used for the green channel, but changing the size of the
Frangi filters to have sigma values in the range of [1 5], since these vessels are narrower than the ones in the green
channel. Finally, we added both segmentation results to obtain our final segmentation, as shown in Fig. 5c.

b) Feature extraction

Before feature extraction, the segmented vasculature is partitioned into vessel segments. We first skeletonized the
segmented vasculature. Then, we found the branches and crossing points using morphological operations, and removed
them from the skeletonized vasculature. The remaining lines are the vessel segments to be analyzed.

To extract features for each vessel segment, we took into consideration three important aspects of the discolored vessels:
(a) the discolored vessels range from orange to white; (b) the edge of the vessel wall has low contrast; and (c) the regions
close to the wall become discolored at the outset, when the pathology appears. Taking into account these factors, we
extracted features using color information from the various color spaces (RGB, YIQ, YCbhCr, CIELab, HSV) in the
center of the vessel and in the vessel wall. In addition, we calculated the gradient of red, green, and ‘a’ channels to
measure the contrast of the vessel close to the boundary.

Because we used color features, a normalization step is required. However, color normalization can generate artifacts.
To avoid this, instead of obtaining absolute values for the features, we computed features using relative values. Keeping
in mind the fact that wide vessels located close to the optic disc do not present discoloration, we created a “normal
vasculature binary map” by enhancing the vessels in the green channel and thresholding them using 10" percentile
information. We used this binary map as a reference for normal vessels when we calculated the features. For each
channel space, we computed the mean of the intensity of the area occupied for the normal vasculature map and
subtracted this reference quantity for each pixel in the color space. This resulted in the distance of the pixel with respect
to the mean of the normal vasculature as the feature used in the classification stage.

To summarize, we extracted features from 15 color channels and three gradient images. Since we wanted to classify
vessel segments and our information is in pixels, we computed the values of the 50, 75", and 95™ percentiles for all the
content in the analyzed vessel segment. Our feature space consisted of 108 features, 54 each for the vessel wall and
vessel center.

c) Classification

In order to reduce the amount of information, we defined two rules for classification: (a) A valid segment has at least
100 pixels of centerline (approximately one third the diameter of the optic disc; and (b) an abnormal segment is
determine by a 50% overlapping between the segmented vessel and reference standard marked by a retinal specialist. By
using the information from the classes, we applied a linear regression classifier known as partial least squares [15]. The
classification results were validated using 5-fold cross validation.

3. RESULTS

A total of 4598 vessel segments were extracted from the vasculature of the 40 cases. The vessel segments were
processed with our methodology, obtaining the ROC curve shown in Figure 6a. The AUC for vessel segmentation was
0.90 with best sensitivity/specificity of 90%/70%. A maximum accuracy of 89% was achieved.

Since the main purpose of this approach is MR diagnosis, we calculated the performance of the classification per image.
We counted the number of segments in the images that were classified as discolored. To determine which vessel
segments are considered discolored, we fix a point in the ROC curve (Fig. 6a), which represents a sensitivity/specificity
of 82%/83% of the vessel segment classification. Then, we used the number of abnormal segments in the image to
perform the image classification. The more segments we find, the more the image is likely to have MR. We obtained an
AUC of 0.87 for image classification with maximum accuracy of 85% and best sensitivity/specificity of 94%/67% as
one pathology detection algorithm. Higher specificity of 100% with sensitivity of 68% can be obtained by choosing a
different operating point in the ROC curve for image classification shown in Fig. 6b. High specificity is required because
the main goal is to develop a MR detection system, so that algorithms developed for the detection of other MR
pathologies (such as hemorrhages or whitening) will be combined. An example of our detection system is shown in
Figure 7, where the detected discolored vessels are marked in blue.
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Figure 6. (a) ROC curve for vessel segment classification; (b) image classification.
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Figure 7. Results of image classification. a) Original image; b) reference standard; c) automated discoloration
detection marked in blue.

4. DISCUSSION AND CONCLUSIONS

We have developed the first automatic algorithm for the detection of discolored vessels due to malarial retinopathy in
retinal images. Our implementation consists of an improved vessel segmentation algorithm that can segment vessels with
discoloration, along with robust feature extraction that helps us achieve high detection rates for vessel segment and
image classification. The system provides high accuracy detection of 85% with sensitivity/specificity of 68%/100%.



Vascular segmentation algorithms applied to retinal images use the green channel as a basis for their segmentation.
However, discolored vessels do not present high contrast with respect to the retinal background, as do normal vessels.
Therefore, it is important to use other color spaces to complement the information.

Another common problem in detection algorithms that rely primarily on color information in the feature set (such as the
one presented here) is inter-patient variability caused by various factors, for example the race of the analyzed subjects.
For that reason, we present a method that uses relative measurements instead of absolute values. In so doing, we provide
a more robust classification process, with high detection rates.

For the classification of images, we used as feature the number of detected abnormal segments. Other methods may also
be explored, such as the mean estimated class among detected segments. In this case, the former method was used
because most of the abnormal cases present many discolored vessels.

Finally, vessel discoloration is seen primarily at the periphery of the retina, therefore the use of a single standard image
(~ FOV of 45°) for the detection of this pathology is not recommended. A higher degree of FOV camera, or stitching
different field images to create a mosaic image (as we used in the present study), is necessary for correct detection.
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