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ABSTRACT 

In this work we describe an application of the Support Vector Machine (SVM) classifier for the segmentation of wounds 
in color images. The SVM-based segmentation combines naturally a high dimensional space of image features into a 
single classification machine. Since particular choice of image features is crucial for the performance of SVM classifier, 
we investigate the efficiency of color- and texture-based features for the differentiation between skin and wound tissue. 
We find that color features provide better separation between these two tissues. However, incorporation of even a single 
textural feature improves an overall quality of the SVM classification. We test the impact of each color feature on the 
quality of wound segmentation and find optimal combination of these features which produces best segmentation result. 
We suggest a Histogram Sampling technique, which gives wider separation between wound and skin in the color space. 
Finally, we find a set of image features, which is typical for most types of wounds. When these features are used as an 
input to the SVM classifier, a fairly robust segmentation of different wound types is achieved. We evaluate the 
performance of SVM-based segmentation using ground-truth segmentation carried out by clinicians.  
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1. INTRODUCTION 
Chronic wounds are not normal phenomena. Wounds occur on the body due to etiologies such as pressure, vascular 
insufficiencies, and/or chronic disease states. However wide a variety of different wound types it shares one feature in 
common: a healing process of a chronic wound is very slow and may take many long months. It follows that monitoring 
of wound conditions over time is a crucial aspect of wound care which is nowadays carried out manually. The 
development of a computer-based wound monitoring system will permit the definition of "standard" wound healing 
rates, minimize inter- and intra-observer variations, permit the electronic storage and retrieval of this information as a 
standard part of the patient's medical record. 

One major indication of the healing process can be gained in the course of systematic assessment of wound size. To do 
this, images of a wound are acquired during weekly check-ups of a patient. A clinician draws contours around the wound 
in subsequent images and assesses wound size by comparing these contours. This is an exhausting and subjective 
process. The work here attempts at developing an automatic procedure for segmentation of subsequent images of wounds 
into two tissue types: healthy skin and wound tissue. 

There exist two major approaches to segmentation – edge based and region based. Here we follow the region-based 
approach with an ultimate goal of extracting a wound contour. The idea behind the region segmentation is to capture 
typical common properties of a wound region that distinguish it from skin. The wound region is characterized by a 
combination of specific features arising from two independent feature domains: intensity or color and texture. 
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Consequently, whatever classifier is used for segmentation of wounds, it must deal with the combination of all these 
features in a multi-dimensional feature space.   

There are relatively few research groups around the world involved in color image processing of wounds. Wales, Jones 
and Plassmann1,2 have developed an instrument, known as MAVIS, to measure the dimensions of skin wounds. The 
group has experimented with algorithms that use color to segment an image into one of three tissue types: healthy skin, 
wound tissue and epithelialisation tissue. They tried six measurement parameters: the R, G and B color planes; Hue, 
Saturation and gray-level intensity. The R, G and B color planes were only examined in isolation showing that 
straightforward thresholding of color planes cannot produce a good segmentation which distinguishes between wound 
and skin tissues. They have concluded that in looking at 1D color histograms, segmentation is only partially achievable, 
but using a 3D RGB histogram space, volume clusters may be more widely separated. Mekkes et al.3 have made some 
progress with such a 3D RGB color histogram clustering technique to asses the healing of wounds. They found that 
clusters in RGB space for a given tissue type formed an irregularly shaped 3D cloud, and so simple thresholding along 
the R, G and B axes would not help to segment the image into these three tissue types. 

Other reported techniques on segmentation of wounds in color mages include the use of the black-yellow-red 
classification scheme to evaluate the debridement activity of wounds4; a method to correct for limb convexity in color 
video images in order to measure the size of skin wounds and ulceration5; the use of basic color image processing 
techniques to evaluate wound repair in humans and animals6.  

In this work we employ a Support Vector Machine classifier (SVM) 7,8, to perform region segmentation of the wound 
tissue followed by extraction of the wound contour. Because feature selection is of crucial importance for the 
performance of the SVM classifier, we focus on a specific feature set which is characteristic for the wound tissue. An 
analysis of color and texture features, which serve differentiating between healthy skin and wound best, is made in 
Section 2. The SVM-based segmentation procedure is described in Section 3. Results of segmentation of different wound 
types and the comparison of automatic segmentation against manually classified images are given in Section 4. In 
conclusion we outline major advantages and drawbacks of the SVM-based segmentation. 

 
2. FEATURE EXTRACTION 

A choice of the feature space, in which input to the SVM classifier is generated, is a decisive factor for the performance 
of classification and, ultimately, for the quality of wound segmentation. Below we examine image features, which are 
most informative when discriminating between two classes: healthy skin and wound tissue. 

2.1. Color space  

As a color space we choose the RGB (Red-Green-Blue) space, which is in bijection with the HSV (Hue-Saturation-
Value) space. Although the HSV space is more widely used in the literature, it does not seem to have an advantage for 
SVM classification in practice9. The simplest way to represent an image is to consider its bitmap representation.  

 

 

Figure 1. A grayscale image of the wound. 



An analysis of a representative set of wound images shows, that out of three R-, G-, and B-color planes, the blue B-plane 
provides a most pronounced cue discriminating between skin and wound tissue. Contrary to that, the R-plane contains 
only a minor difference between these two tissues leaving the G-plane the intermediate position. For these reasons, 
intensities of the B- and G- color planes give two input features to the SVM. In an attempt to increase contribution of the 
most informative B-plane, average B-plane intensities computed in a window of about 95 pixels are added into a set as a 
third input feature for the SVM.  

An additional subset of features representing the color space is derived from color histograms, which provide a robust 
and efficient cue for differentiating among a large number of different image objects. We use a slightly modified 
Histogram Intersection technique [10], which in our case can be summarized as follows. Let M be a model histogram 
computed for pixels of a model segment. Let Hi,j be a local histogram computed in a window centered at position (i,j). 
The Histogram Intersection of these two histograms is given by their normalized difference: 
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where T- is the number of all pixels in the class, N - is the number of pixels in the window and K- is the total number of 
bins in the histogram set to K=256. Two features can be generated by applying the Histogram Intersection to the model 
histogram of (1) skin and (2) wound. Fig.2 illustrates an example of these two features computed for a wound image in 
Fig.1. Our experiments suggest that a better differentiation between skin and wound tissue is obtained for window size of 
more than 61 pixels. 

  
 
 

Figure 2. Effect of the Histogram Intersection computed for the histogram of skin (left) and wound tissue (right). Both results are 
generated using B-plane intensities and window size 95x95 pixels. 

.6

.8

.4

.2

0

1

89 127 1510 255

43% 31% 25% 1%

Histogram Bins

Fraction 
of Pixels

Fraction of Pixels per Bin Percentile

.6

.8

.4

.2

0

1

89 127 1510 255

43% 31% 25% 1%

Histogram Bins

Fraction 
of Pixels

Fraction of Pixels per Bin Percentile

 

Figure 3. Histogram Sampling. The image histogram (solid line) is sampled into the four equal sized bins. The local histogram 
(dashed line) is sampled into the same four bins. The Histogram Sampling generates three features, each one indicating a fraction of 
pixels falling into three first bins, respectively: 43%; 31% and 25% in our example. A fraction of pixels falling into the last bin #4 is a 
dependent value and is not considered. 

Further histogram-based features are generated using a technique that we call a Histogram Sampling. Here a normalized 
image histogram is sampled into a set of L bins each one containing an equal number of elements. Given each local 



histogram Hi,j is sampled into the same set of bins L, the result of Histogram Sampling is a fraction of pixels that fall into 
each bin.. This defines L-1 features (Fig. 3). Our experiments with images of different wound types suggest that 
Histogram Sampling provides a more consistent measure for differentiating between skin and would tissue than the 
Histogram Intersection (Fig. 4). A final list of features in the color space includes 9 features: 1) B-plane intensities; 2) G-
plane intensities; 3) Average B-plane intensities; 4) Histogram Intersection for the histogram of skin; 5) Histogram 
Intersection for the histogram of wound tissue; 6) Four bins Histogram Sampling that gives rise to a cluster of three 
features. 

   
 

 

Figure 4. Effect of the Histogram Sampling. Image histogram of B-plane intensities is sampled into four bins each one containing 
25% of pixels. Histogram Sampling results into 3 features illustrated by the three images: one image per bin clockwise from top left. 
Window size for the computation of local histogram is 61x61 pixels. 

 
2.2. Texture 

Our investigation indicates that there exists only a little textural differentiation in the appearance of healthy skin and 
wound tissue in images. Therefore, we use only a single textural feature as input to the SVM classifier. However, our 
experiments suggest that this textural feature provides an independent from the color space information and, therefore, is 
significant for the performance of SVM classifier. Computation of the textural feature consists of three subsequent 
stages:  

1. Median filter in the 3x3 window. 

2. Convolution with a difference of Gaussians (DoG): 

)( λσσξ sc GGDoG −=  

where center-surround standard deviations are set to σc=1.5,  σs=3.5. The DoG is sampled within a filter mask of 19x19 
pixels. Two scaling factors are set to ξ=130 and λ=2.3 making an integral of the DoG within the filter mask 
approximately zero. The effect of convolution is illustrated in Fig.4, left. 

3. Symmetric covariance (SCOV) measure as described in11 (Fig. 5, right). 

SCOV gives a measure of the pattern correlation as well as the local pattern contrast. This makes it dependent on local 
intensity variations. For this reason the SCOV is applied to the convolved image, in which the local intensity variations 
are equalized by DoG filtering.  



  

Figure 5.  Effect of the DoG filtering (left) and SCOV computation (right) followed by averaging in the 95x95 window. B-plane 
intensities are used for the processing. 

 
3. SVM-BASED TRAINING AND CLASSIFICATION 

SVM is an approach for supervised classification of data into two classes. SVM’s have recently gained popularity in the 
machine learning community because of their accuracy and speed of learning8. In this work we use a so-called SVMlight 
implementation of the SVM classifier which is available at http://svmlight.joachims.org/. An optimized algorithm 
employed in the SVMlight, 12, has scalable memory requirements and can handle problems with many thousands of 
support vectors efficiently. 

Given a set of points which belongs to either one of two classes, a linear SVM finds the hyperplane leaving the largest 
possible fraction of points of the same class on the same side, while maximizing the distance of either class from 
hyperplane. According to7, this hyperplane minimizes the risk of misclassifying examples of the test set. The SVM-based 
classification is performed in two stages. The first Training Stage finds an optimal separating hyperplane dividing the 
set of test examples into two classes. Note, that each test example has to bear a label of either class. During the second 
Classification Stage each input point should be attributed a label according to the side this point appears with respect to 
the hyperplane. A more detailed account of SVM’s is out of the scope of this paper and below we shall only address 
those aspects of the Training and Classification Stage, which are of importance for the quality of segmentation of 
wounds.  

Input to the SVMlight in our case is a set of feature vectors attributed to image pixels. We use manually segmented images 
of wounds to compose a training set of feature vectors attributed to either skin or wound class as input for the Training 
Stage. Pixels from a boundary region around the wound of about 12 pixels wide, are excluded from the input. Our 
experiments suggest that a balanced contribution of feature vectors attributed to skin and wound tissue improves the 
quality of classification. We therefore select an approximately equal number of evenly distributed pixels representing 
skin and wound in the image for the generation of input to the Training Stage. The processing time for the Training Stage 
depends linearly on the number of input feature vectors, and also, on their “quality” in terms of how well the classes can 
be separated. For about 2000 feature vectors from the wound class and the same amount from skin, the observed training 
time is of the order of 2 minutes (Pentium, 1000 MHz). If, however, the training feature vectors are not widely separated, 
the convergence of a searching for the support vector may become problematic.  

The SVMlight offers three optional kernels such as linear, polynomial and radial one. In our experiments the radial kernel 
showed the best performance followed by the polynomial and linear one. These results are consistent with earlier 
experiments which report good results of the SVM training using radial kernel for image classification13. 

 

4. SEGMENTING WOUNDS IN IMAGES: EXPERIMENTS & RESULTS 

Our experimental dataset included a video record of wound conditions of several patients that was acquired during 
several months long treatment. Typically, weekly check-up of one patient over three months results into a sequence of at 
least 12 images. The goal of the SVM classification is then two-fold: 

http://svmlight.joachims.org/


1. Train the SVM classifier to differentiate the wound tissue and healthy skin using a single training image. Apply the 
trained SVM classifier for segmentation of the training image as well as other test images of a same patient. 

2. Use a set of images of different wound types for the Training Stage. Apply the trained SVM classifier for the 
segmentation of wounds in arbitrary images.  

The performance of segmentation is estimated using wound contours drawn manually by clinicians. Figures 6 through 8 
illustrate several results of segmentation with doctor drawn contours in white and computer generated contours in black. 

In the first series of segmentation tests we investigate an impact of the choice of feature space on the quality of wound 
segmentation when using a same image both for the Training and Classification Stage. Efficiency of each one feature is 
investigated independently except three Histogram Sampling features, which are always employed as a single feature 
cluster. Segmentation of the image in Fig. 1, gives the following list of features sorted in the diminishing order with 
regard to their efficiency: 1) Histogram Sampling feature cluster; 2) Histogram Intersection for the histogram of wound; 
3) Average B-plane intensities; 4) B-plane intensities; 5) G-plane intensities; 6) Histogram Intersection for the histogram 
of skin; 7) SCOV measure. The ordering of these features varies only slightly when segmenting other images. 

In the next experiment, the SVM classifier is trained using a single image from a temporal image sequence of one patient 
and is then applied for the segmentation of next images from the sequence. Results of segmentation of the training image 
and two test images are shown in Fig. 7; respective error rates are summarized in Table 1. Note, that a computer 
generated wound contour in the test image #2 (Fig. 7, top right) is significantly less accurate than a similar wound 
contour (Fig 6) computed for the same image when this is used for both the Training and Segmentation Stage. We 
conclude that the use of just one training image is not enough for the SVM-based segmentation of new images, even 
though these are the images of same patient. One explanation for this follows from the fact that image intensities 
contribute directly to the SVM input features: a small brightness variation in the appearance of skin or wound in the 
image may result into misclassification of pixels.  

 

Figure 6. Example of wound segmentation. The image used both for the Training and Classification Stage. The rate of erroneously 
classified pixels percentile: Skin - 3.43; Wound –1.27; Average – 2.35. 

 Skin % Wound % Average % 
Training Image #1 4.10 0.60 2.35 
Test Image #2 1.34 16.44 8.89 
Test Image #3 3.28 8.54 5.91 

Table 1. Performance of segmentation of the image sequence shown in Fig.7.  Error rates are given by the ratio of misclassified pixels 
and images size in pixels percentile.  



  
 

 
Figure 7. Segmentation of the video record of one patient. Top left: training image #1 used for the training of SVM classifier. Top 
right: test image #2 same as in Fig. 6. Bottom: test image #3. Both test images #2 and #3 were segmented using the trained SVM 
classifier.  

Better segmentation of a new wound image is obtained when the SVM classifier is trained with a larger collection of 
images featuring different wound types. This is confirmed by the last experiment in which the SVM classifier is trained 
using a selection of 6 different wound images. An example of segmentation of a new wound image is shown in Figure 8. 
We conclude that a fairly robust segmentation of wounds is feasible when the SVM classifier is trained using a largest 
possible collection of training wound images. 

 
Figure 8. Example of segmentation of the new wound image. Rate of erroneously classified pixels percentile: Skin - 4.49; Wound –
0.31; Average – 2.40. 

5. CONCLUSIONS AND FUTURE WORK 

We have presented the application of SVM classifier for the segmentation of wounds in color images. The input to the 
SVM classifier is generated in the combined color and texture feature space and contains 9 colors and one textural 
feature. During the first, Training Stage, the SVM classifier is trained using one or several wound images. Wound 
segmentation by the trained SVM classifier is carried out in the second, Classification Stage. Finally, the wound contour 
is generated using the segmented wound image.  

Our analysis of input feature space has shown that most differentiation between healthy skin and wound tissue is 
contained in intensities of color planes, in particular the B-plane followed by the intensities of G-plane. Textural features 
to the contrary, carry only minor differentiation between the skin and wound tissue. However, our experiments suggest 
that incorporation of even a single textural feature into the SVM input, consistently improves the overall quality of 
wound segmentation. Investigation of different color features has shown that best differentiation between the wound and 



skin can be expressed via comparison of color histograms. The Histogram Sampling, which gives the measure of 
similarity between the local and model histogram, is the most efficient out of 9 color-based features used for the 
segmentation.  

The SVM classification has an undisputed advantage over other classification approaches because of its high 
generalization performance without the need to add a priori knowledge, even when the dimension of the input space is 
very high. We have found that it is possible to push the segmentation performance to quiet high levels with error rate as 
low as 2.35%. This is achieved without adding additional knowledge about the type of wound and skin or any other 
indication regarding their possible location in images. Such a high performance, however, is only obtained if the SVM 
classifier is applied to an image that was also used for its training. But a challenging problem for the SVM classifier is to 
segment the wound tissue in arbitrary images. Our experiments suggest that solving of this problem would require an 
extensive training of the SVM classifier with a large collection of images of various wound types. The generally good 
performance of the SVM-based wound segmentation is due to the superior generalization ability of SVMs in high 
dimensional spaces, but also, due to a good choice of input feature space. It should be noted that because the original B- 
and G-plane intensities are used in the SVM input, our segmentation is not fully invariant with regard to image 
intensities. This might make the current implementation all too sensitive to natural brightness variations in the 
appearance of skin and wound as well as illumination conditions during acquisition of images. 

However robust and good the SVM-based segmentation of wound region in images is, it cannot produce a wound 
contour as fine as the manual contour drawn by a clinician. It seems that there should be an additional and independent 
mechanism, which complements region segmentation on a final stage of contour generation. The aim of our future 
research will be aimed at generating a refined contour of wound by fusion of two methods - the SVM-based 
segmentation and edge detection approach. 
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