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Abstract: Although mostly harmless, hemangiomas still need to be monitored and occasionally treated to
avoid complications. The method presented for accurately segmenting the hemangioma pixels involves the automatic
detection of the number of classes in an initial k-means clustering, followed by binarization, morphological operations
and a further adjustment of region of interest using active contours. The method has been tested on a database
containing a variety of situations, including multiple hemangioma areas, differently colored and textured skin and
intrusive hair. Compared to the results before the addition of active contours, the mean global score shows an
improvement of more than 1% (from 96.86% to 97.92%).
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1. INTRODUCTION

Hemangioma is a mostly harmless benign tumor originating in the cells of the vascular wall, being one of the
most common tumors encountered in children [1]. Infantile hemangioma usually appears in the first weeks of life, and
it looks like a reddish spot. It usually disappears by itself, leaving behind a slight skin atrophic scar. Most of the time,
hemangiomas are harmless and asymptomatic. However, there are hemangiomas that can cause complications, such
as cervico-facial hemangiomas, which can have negative effects on the affected structures (eyes, nose, lips, oral cavity)
through compression, disfigurement or affecting the functionality of organs of sense. In these cases, it is necessary for
these hemangiomas to be monitored to intervene with medical treatment.

Monitoring can be achieved by regularly examining patients to observe changes in the surface and color of the
hemangioma. This process can be automated based on the analysis of hemangioma images and the extraction of
various features, as has been done in previous works [2],[3],[4]. As the first step for such an automatic monitoring
system, accurate segmentation is very important for the identification of the area of interest. This has been successfully
done in various articles [5],[6],[7], resulting in accuracy over 90%. The proposed method attempts to further improve
the accuracy and robustness of the segmentation by including active contours as a final step.

The remainder of the article is organized as follows: Section 2 describes the database, Section 3 presents the
proposed model, section 4 provides comparative results, while Section 5 presents concluding remarks.

2. DATABASE

The database consists of 15 pictures with hemangioma that may also include skin, hair, a ruler (most of the

images include a centimeter scale as a reference for area calculation) etc..To assess the performance of the

segmentation algorithm, the area affected by the hemangioma was manually labeled in two classes for each image:

pixels belonging to the hemangioma and pixels belonging to non-hemangioma regions, resulting in the creation of

reference masks, as shown in Fi@re 1.
-

Figure 1. Images with hemangioma and their masks
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3. THE PROPOSED METHOD

The images in which we aim to identify hemangioma pixels may contain one or more additional
classes (such as hair, skin, etc.). Instead of determining the optimal number of classes after k-means
clustering with classical methods such as silhouette [8], for which more classes are generally preferred, the
proposed method establishes the number of classes in the image prior to implement the segmentation, by
determining the number of local maxima in the histogram. Once the number of classes is determined,
k-means clustering, binarization and morphological operations identify an approximate location of the
hemangioma, which will serve as the starting point for segmentation using active contour. The overall
structure of the algorithm is illustrated in Figure 2.
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Figure 2. Structure of the algorithm

3.1. Preprocessing

Since hemangiomas typically appear as reddish spots, it is more practical to use the CIE L*a*b*
color space for analyzing the images. In this space: L* indicates pixel intensity, distinguishing dark pixels
(low L* values) from bright pixels (high L* values); a* represents colors ranging from green (negative a*
values) to red (positive a* values); and b* covers colors from blue (negative b* values) to yellow (positive
b* values). Only the a* layer was retained and linearly normalized to the [0, 1] interval, where high values

are expected to correspond to hemangioma pixels, as shown in Figure 3.
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Figure 3. a.1) and b.1) images in RGB; a.2) and b.2) the a* layer from CIE L*a*b*

3.2. Estimation of the optimal number of classes

The algorithm implemented to automatically estimate the number of classes consists of the following steps:
e Computation of the histogram for the normalized values from the a* layer;
e Application of a gaussian smoothing filter in order to reduce noise and highlight underlying trends;
the Gaussian filter's window size was set to 20 data points;
e Identification of local maxima in the smoothed histogram, corresponding to the number of classes

for the K-means clustering.
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Figure 4. The estimzltion of the number of classes for the image presented in)F igure 3.b
a) Histogram of layer a* b) Smoothed histogram with a gaussian filter with window size 20
Local maxima are marked green, so in this case there are 3 classes

3.3.Segmentation using k-means clustering

After determining the optimal number of classes from the image, a standard k-means clustering [9]
was performed on the normalized a* layer. Since the red values in the RGB color space are the highest in
the a* layer (and assuming there are no other red objects in the image), we concluded that the class of
interest (from all the K classes identified by k-means) is the one with the highest average value. After
binarization (0 for background and 1 for hemangioma), a morphological operation was performed to fill in
the holes.

To eliminate regions that do not pertain to the area of interest, we focused on retaining only the
largest regions, which collectively encompass at least 75% of the k-means selection in the binary image.
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Figure 5. a) RGB image; b) Layer a*; ¢) Smoothed histogram; d) k-means clustering; e) Binarization
f) Binary image after filling the holes; g) Binary image after keeping the largest regions

3.4.Segmentation using active contour
The active contours, also known as the snake method [10], is a method which uses deformable curves that
evolve through an image to detect object boundaries based on image features like edges and textures. The
contour dynamically deforms to fit the object of interest within the image. It does this by balancing forces:
pulling towards strong edges (external energy) while resisting excessive bending or stretching (internal
energy). For the effective functioning of this algorithm, it is crucial to begin with an initial contour that
closely approximates the target object boundaries. In our approach, the initial region is derived from the
segmented area obtained through k-means clustering. The edges identified by k-means clustering will serve
as the starting contour for the subsequent contour evolution process aimed at segmenting the image.

a) b)

Figure 6. a) Binary image with k-means b) Binary image with active contour
¢) Contour of the binary image obtained with active contour overlapped on the original image

4. RESULTS
All the images from the database have been segmented and for each segmented image the True Positive
Rate (TPR) and True Negative Rate (TNR) were determined, along with the Global Score of classification
(computed as the mean of TPR and TNR). The scores were computed for the segmented image obtained
with k-means clustering and for the binary images obtained after active contour segmentation.

TPR — number of hemangioma pixels that were correctly classified )
total number of hemangioma pixels
number of non — hemangioma pixels that were correctly classified 2)
TNR = total number of non — hemangioma pixels
TPR + TNR 3)
Global Score = —

The average Global Score for the segmentation performed using k-means across the entire database was
96.86%, while for segmentation using active contour, the average Global Score was an improvement to
97.92%.
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Figure 7. The result of segmentation for each image

Although the results from both methods are generally comparable, with the active contour segmentation
achieving an average Global Score only about 1% higher than k-means, it’s worth noting that for certain
images (such as the one indexed 15 in Figure 7 and shown in Figure §), active contour segmentation
performed significantly better, identifying many pixels that k-means clustering missed.

c d e
Figure 8. a) RGB image b) Layer a* c) Binary image with k-means d) Binary image with active contour
e) Contour of the binary image obtained with active contour overlapped on the original image

5. CONCLUSIONS
This paper introduces an innovative segmentation approach using a combination of k-means clustering
followed by active contour segmentation. Due to the hemangioma's reddish appearance, all subsequent
analysis was performed on the a* layer of the CIE L*a*b* color space. To automatically determine the
optimal number of clusters, the method identified the number of local maxima in the histogram. The
k-means clustering yielded a segmentation accuracy of 96.86%, which improved to 97.92% after applying
the active contour segmentation and reached a better performance for complex irregular atypical zones.
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