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Abstract: In this paper, a novel region growing
algorithm for segmenting burn wounds in digital
photographs of the skin is presented. This
segmentation step has been developed as part of a
CAD tool for burn diagnosis. During the region
growing the inclusion condition relies on a tolerance
parameter, which is adaptively determined. It
initially has a low value and this is recursively
increased until a stop condition is reached. This
condition is based on the analysis of the statistical
distribution of the pixels within the grown region.
The great advantage of the method is that it does not
rely on fine-tune parameters. The algorithm has
been tested with 44 images of burn wounds obtaining
very good results. Its performance has been
measured quantitatively by comparing it with a
ground truth obtained from the manual
segmentation of five experts.

Introduction

For a successful evolution of a burn injury it is
essential to initiate the correct first treatment [1]. To
choose an adequate one, it is necessary to know the
depth of the burn, and a correct visual assessment of the
burn depth highly relies on specialized dermatological
expertise. As the cost of maintaining a Burn Unit is very
high, it would be desirable to have an automatic system
to give a first assessment in all the local medical
centres, where there is a lack of specialists [2]. The
World Health Organization demands that, at least, there
must be one bed in a Burn Unit for each 500000
inhabitants. So, normally, one Burn Unit covers a large
geographic extension. If a burn patient appears in a
medical centre without Burn Unit, a telephone
communication is established between the local medical
centre and the closest hospital with Burn Unit, where
the not-expert doctor describes subjectively the colour,
shape and other aspects considered important for burn
characterization. The result in many cases is the
application of an incorrect first treatment (very
important, on the other hand, for a correct evolution of
the wound), or unnecessary displacements of the
patient, involving high sanitary cost and psychological
trauma for the patient and family. Therefore, it would be
desirable that a CAD tool for automatic diagnosis were
available in those medical centres without specialists.

In a previous work [3] a CAD tool for assessing the
depth of burns was developed. For this purpose, two
main steps were performed: the segmentation of the
burned wound and the classification of its depth.

Automatic image segmentation is one of the
fundamental problems of early computer vision. If any
error occurs during this step, the whole process will fail
irremediably, that is, an effective segmentation can
usually dictate eventual success of the analysis. This is
the reason why segmentation is a matter that has been
studied by many researchers all over the world [4]. In
this paper, in order to improve the success rate in the
classification obtained in [3], a new segmentation
algorithm is proposed.

Conventional segmentation techniques for images
can be classified into four categories. One is region-
based, which relies on the homogeneity of spatially
localized features [5, 6]. The second one is boundary
based and it consists of finding a boundary using
discontinuity measures [7, 8]. The third one is the
thresholding technique, which is based on the
assumption that pixels whose value lies within a certain
range belong to the same class [9, 10]. Finally, hybrid
techniques integrate the results of boundary detection
and region growing expecting to provide in this way a
more accurate segmentation of images. Region growing
is a region-based technique which has been widely
accepted [11] because of its capacity to combine both
global and spatial information.

In this paper we propose a novel region-growing
technique for image segmentation, which has the main
advantage of not having any tuning parameter. It is
based on progressively increasing the tolerance
parameter of the region growing until a certain
condition is met. The condition is that the distribution of
the region obtained with this tolerance is the most
similar to a Rayleigh one, according to the
Bhattacharyya distance.

To adapt the algorithm to segment color images, a
conversion from a three-color-plane image to a one-
plane image is performed. In this conversion Euclidean
distance to a color target in the L'u"v" color space is
performed. This conversion is based on the fact that
Euclidean distances in the L'u’v" color space are
consistent with perceived color differences [12].
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Preprocessing and conversion to one-plane image:
As it is well known, segmentation algorithms strongly
depend on the application. In this sense, the detail level
of the segmentation has to be chosen according to the
final use this segmentation result will have. The
application that the algorithm will have requires that
physicians may take part in the process. In this sense,
the user will select a small selection box in the region to
be segmented as a first step, in order to indicate the type
of burn to be classified (it should be noted that in the
same photograph could appear different types of burns).

For homogenizing purposes, an anisotropic diffusion
filter [13, 14] is applied to the image and the selection
box. The choice of this filter is due to its property of
preserving the boundaries within the image.

After this step, a gray-scale image is obtained from
the diffused color image. In this gray-scale image,
differences between the burnt skin selected by the user
and other parts of the image are emphasized. Based on
the observation that physicians segment burn wounds by
measuring differences among colors, for each pixel in
the image the following operation is performed [15]:

fom={Cam-L b am-i J @ami,)

where L (n,m),u"(n,m),v"(n,m) are the coordinates of a

pixel in the position (n,m) in the L u v diffused color
image and L, ,u,,., v, is the centroid of the area

selected by the user (selection box) in the Lu"v" color
space.

Finally, due to the fact that colors of healthy skin
and burns are very similar between them, a contrast
enhancement is applied to the histogram of the distance
image.

Multistep region growing algorithm: The multi-step
region-growing algorithm starts by choosing the seeds.
It should be outlined that, in the gray-scale image, the
region to be segmented should have the lowest pixel
values, as it represents a distance image. Seeds must
belong to the region of interest, so they will have low
values. In order to select them, the following steps are
followed: 1) Selection of the local minima of the image,
which represent the candidates to seeds. Not all these
candidates will be seeds of the region-growing because
these local minima do not belong necessarily to the
region of interest. 2) Application of a threshold to these
candidate seeds. The threshold is determined from the
histogram of the distance image, more specifically, the
threshold will be the position of the peak closest to the
left part of the histogram, as seeds should have low
values as explained before. The procedure to find
significant peaks and valleys follows the thresholding
algorithm explained in [3]. In Figure 1 an example
about how seeds are selected is shown. Firstly, the
minima in the distance image are selected. They
constitute the candidates to seeds. After the
thresholding, the definitive seeds are found.

(b)

(c) (d) (e)

Figure 1: Seed selection process. (a) Original image
with the selection box indicated by the user shown in
blue. (b) Distance image. Image (c) shows the local
minima of the color distance image. In (d) the
thresholding of the histogram is illustrated, where the
threshold is shown with a red arrow. And the seeds are
obtained in (e).

Once the seeds are selected, the 4-neighbor pixels of
each seed are examined to be included in the region.
The two inclusion conditions are: 1) the pixel has not
been previously included in the region and 2) the value
of the pixel is within certain tolerance range, that is,
0< f(i,j) <, where f{i, j) is the distance image, (i, ;)

represents the coordinates of any of the 4-neighbor
pixels, and z (>0) is the step of tolerance parameter,
gradually increased until it reaches its optimum value. It
should be noted that it is a distance image, where pixels
belonging to the burn are those closer to zero.

To determine the stop condition, we have observed
that within an object the distribution of the pixel values
follows approximately a Rayleigh one, whereas when a
region begins to include other parts of the image the
distribution tends to grow differently from a Rayleigh.
Likewise, when the region is included in an object but
only embraces it partially, the distribution of the pixel
values tends to have a distribution whose right tail has
less weight than the one of a Rayleigh distribution.
Nevertheless, as the borders of the region are getting
closer to the actual border of the object, the tail of the
distribution grows, so the distribution tends to a
Rayleigh one. The reason is that the change of the color
in the borders of an object is progressive. Therefore, the
tolerance can be chosen as the one which provides a
region whose distribution best matches a Rayleigh one.
In Figure 2 one example is presented, which
corroborates this observation. In Figures b, e and # the
histograms of the regions marked in pink color in
Figures a, d and g are presented. In Figures ¢, f'and i the
histograms of a Rayleigh distribution adapted to the
mean and variance of the histograms in b, e and &
respectively are shown. As can be observed in those
figures, the histogram of a region within an object but
smaller than this one tends to be sharper than a
Rayleigh. When the region includes more pixels than
those belonging to the object, a second peak tends to
appear in the histogram and, therefore, the distribution
tends to grow differently from a Rayleigh one. On the
other hand, as can be seen in Figures b and ¢, the
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histogram of Figure b fits pretty well the Rayleigh
distribution shown in Figure c.

(®) ©
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Figure 2: In Figures b, e and 4 the histograms of the
regions selected in pink color from Figures a, d and g
are shown. In Figures ¢, f and i the histograms of a
Rayleigh distribution with the mean and variance
adapted to the ones of Figures b, e and / are shown.

In order to find the optimum step of tolerance, we
use the Bhattacharyya distance [16] as a tool to compare
two distributions. The Bhattacharyya distance measures
the distance between two statistical distributions.

First of all, the histogram of the region grown with
the actual tolerance is calculated (%g). Secondly, the
Rayleigh parameter is estimated from the pixels
belonging to the region as:

_ | 2
b= \/ZL (W)Z{(nm) @)

where L is the number of pixels in the region and f(r, m)
is the pixel value of the distance image in the position
(n, m). The Rayleigh parameter defines the Rayleigh
distribution as indicated in the following equation:

2
X —X
X)=—6exXp| — 3
p(x) X p(szj ®)
where p(x) is the Rayleigh probability density function.
From this Rayleigh parameter, a histogram is generated
(hz).

Finally, the Bhattacharyya distance between the two
histograms is calculated as:

d= —|n[z hy (i) - hg (i)} (4)

where i indexes the bins of the normalized histograms
of the Rayleigh distribution, g, and of the region, #g.
The optimum value of the tolerance will be chosen as
the one which minimizes the Bhattacharyya distance.

Results

The algorithm has been tested with 44 burn images
obtaining an accurate segmentation in all the cases. The
database was formed following a protocol [2] and the
images were calibrated. Figure 3 shows some
segmentation results. It should be noted the difficulty in
segmenting them due to the similarity between colors of
burn wounds and healthy skin. Figure 3a presents a
superficial dermal burn, and Figure 3c shows a full-
thickness one. In both images the selection box
indicated by the user is shown in blue.

@)

Figure 3: Examples of the segmentation (selection box
is indicated in blue). (a) Superficial dermal burn. (b)
Segmentation of (a). (¢) Full thickness burn. (d)
Segmentation of (c).

In order to measure the performance of the
segmentation algorithm, all the images from the
database were segmented by 5 medical expertst. We
computed a probabilistic estimate of the ground truth
(gold standard) applying an Expectation-Maximization
algorithm [17] based on a group of expert
segmentations. Two parameters were obtained for each
image in the comparison. The first one was the Positive
Predictive Value (PPV), which measures the ratio
between the number of pixels segmented by the
algorithm which fit the segmentation gold standard and
the total amount of pixels segmented by the algorithm.
The second parameter is called Sensitivity (S), and it is
the ratio between the number of pixels segmented by the
algorithm which fit the segmentation gold standard and
the total amount of pixels in the segmentation gold
standard. Intuitively it can be seen that the first
parameter measures the over-segmentation, which
would be null if PPV were 1. Likewise, S measures the
under-segmentation. These two parameters are
summarized in equation:

P P

PPV =——, Sensitivity = ————,
TP+ FP TP+ FN

®)

where TP means True Positives, that is, pixels which,
belonging to the region segmented by experts, were

L All of them are plastic surgeons affiliated to the Burn Unit of
the Hospital Universitario Virgen del Rocio (Seville, Spain).
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segmented by the algorithm; FN means False Negatives,
that is, pixels which, belonging to the segmented region,
were not segmented by the algorithm; and FP means
False Positives, that is, pixels which, not belonging to
the segmented region, were segmented by the algorithm.

In Table 1 a summary of the results is shown. It
presents the mean of the Sensitivity and PPV parameters
for the 44 images of the database. As can be seen, the
results are very good, especially if we take into account
that colors of burn wounds are, very often, very similar
to healthy skin.

Table 1: Summary of S and PPV parameters for 44
images of burn wounds .

Sensitivity (S) PPV
Multi-step 0.8200 0.8607
algorithm
Conclusions

In this paper a new segmentation algorithm based in
a multi-step region growing technique is presented. This
algorithm is applied to burn color images. The good
results attained have been quantified by calculating two
parameters which take into account the segmentation
performed by 5 experts in the field.

The segmentation algorithm is developed as part of a
CAD tool for classifying burns into their depth. We
have focused our attention in improving the
segmentation algorithm as it represents a crucial step in
the CAD burn tool. This improvement in the
segmentation algorithm will allow attaining better
classification results because the input parameters to the
classifier are obtained from the segmented region.
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