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ABSTRACT

Accurate wound assessment is a critical task for patient care and health cost reduction at hospital but even still worse in
the context of clinical studies in laboratory. This task, completely devoted to nurses, still relies on manual and tedious
practices. Wound shape is measured with rules, tracing papers or rarely with alginate castings and serum injection. The
wound tissues proportion is also estimated by a qualitative visual assessment based on the red-yellow-black code.
Further to our preceding works on wound 3D complete assessment using a simple freehanded digital camera, we explore
here the adaptation of this tool to wounds artificially created for experimentation purposes. It results that tissue
uniformity and flatness leads to a simplified approach but requires multispectral imaging for enhanced wound
delineation. We demonstrate that, in this context, a simple active contour method can successfully replace more complex
tools such as SVM supervised classification, as no training step is required and that one shot is enough to deal with
perspective projection errors. Moreover, involving all the spectral response of the tissue and not only RGB components
provides a higher discrimination for separating healed epithelial tissue from granulation tissue. This research work is part
of a comparative preclinical study on healing wounds. It aims to compare the efficiency of specific medical honeys with
classical pharmaceuticals for wound care. Results revealed that medical honey competes with more expensive
pharmaceuticals.
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1. INTRODUCTION

The quantitative assessment of chronic wounds is generally based on two types of clinical review: a visual review for
wound tissue identification from dominant colors and a manual review for wound measurements check to describe the
wound shape (area, perimeter, depth, etc.). Currently, there are two techniques for these examinations: (1) the direct
manual method used by clinicians to measure periodically the wound dimensions using a millimeter ruler. This technique
is simple, but the calculation of dimensions of the wound is inaccurate. (2) Another method is to copy the wound
boundaries on transparent tracing paper placed on a metric grid. The wound surface is then determined by counting the
number of squares manually or automatically after scanning the image. However, the step of counting the squares is
tedious and the transparent tracing paper can lead to infection problems. Methods based on image processing have been
proposed as alternative techniques for wounds assessment because they provide objective, reliable and reproducible
measures. In addition, infection problems are not posed as there is no contact between the wound and the measurement
system.

By the 90s, many works have been performed for analyzing and monitoring the wounds evolution. The main differences
between these studies related on wound types (pressure sores, lesions, ulcers, etc.) and the objective. For some, it is to
extract an overall indication of healing to measure the wound surface® 2 or the amount of fibrin in the ulcer area with a
semi-automatic method based on adaptive spline technique in the HSV space®. Other works focused on the relation
between the wounds color and the presence of inflammation and on the identification of all the wound tissues®.
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In our previous work on ulcers and bedsores, we developed an innovative tool for chronic wounds assessment with a
simple digital camera for colorimetric analysis and dimensional tissue measurement® ’. Those previous works were
carried out on RGB images.

The multispectral imaging is another technique used for wound assessment. The basic idea of this technique is to acquire
a series of images at different wavelengths. Currently, multispectral imaging is applied in several medical fields such as
histology® ® and dermatology for the detection and diagnosis of lesions on the skin'® ***2, In order to assess developing
foot ulcers for diabetic patients, an in vivo map for skin chromophores was carried out™ **. A multispectral camera is
also used to quantify metabolic parameters of the oxygen saturation of the skin as a way to describe in detail the
condition of a wound™®.

In this paper, we study the wound assessment in the context of a preclinical study in apitherapy. The main objective is to
process two types of imaging: RGB images acquired by a simple digital camera and multispectral images acquired by a
multispectral camera. For color images, we applied two imaging techniques: the unsupervised active contour method and
the supervised support vector machine (SVM) classification method. For multispectral images processing, we applied the
same active contour method and we compared it to the k-nearest neighbor classification method. The outline of the paper
is as follows. In the next section we describe the different processing applied to the RGB and multispectral imaging.
Experimental results and comparison of both methods are presented in the second section. Finally, wound surfaces are
compared to assess the wound healing rate.

2. METHODOLOGY AND MATERIAL
2.1 Color images processing
2.1.1. Preprocessing steps

Before the following processing, an intermediate preprocessing steps were applied in which manual labeling, color and
scale correction were carried out. In the first step, the wound database images were labeled by medical experts through a
graphical interface to create a ground truth useful for the supervised method (Fig.1). This manual labeling was applied on
the images after an unsupervised segmentation using JSEG algorithm®®. In the next step, standard color correction was
applied using the Retinex white patch method"’ followed by polynomial correction of color SRGB components'®. The
color correction was performed to overcome the lighting variations, the reflectivity of the skin tissue and the position of
the shots which affect the tissue colors in the image and consequently the obtained quantitative measures. We designed a
contextual 24 patches color pattern placed in the field of view, composed only of representative color samples extracted
from a wound database (Fig.1). The contextual color chart was also used in the third preprocessing step to correct and to
calculate the scale factor from which the wound surfaces were determined in real dimensions (cm?). To overcome the
misalignment of the chart with the camera optical axis because of the curved back of the animal, we applied the
analytical method™® to calculate the orientation of the camera in the coordinate of the color chart.
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Figure 1. Labeling interface for the ground truth construction. Pre-segmented images are used to help medical expert coloring
each region in the wound.



2.1.2. Active contour method

The basic idea of active contour models is to evolve a curve so as to minimize a given energy functional in order to
produce the desired segmentation and detect objects in the image. Two main categories exist for active contours models:
edge-based and region-based. The first approach, also called snakes, is based on the image gradient to stop the contour
evolution in order to identify object boundaries® 2. One benefit of this type of flow is the fact that no global constraints
are placed on the image. However, this method is very sensitive to image noise and highly dependent on initial curve
placement®?. The second approach is based on Mumford—Shah segmentation techniques for stopping term? and on the
level set method for curve evolution?. The main advantages in this method compared to edge-based method are
robustness against initial curve placement and insensitivity to image noise. In fact, interior contours are automatically
detected starting with only one initial curve. The position of the initial curve can be anywhere in the image, and it does
not necessarily surround the objects to be detected. For our study our main goal through applying the active contour
method is to detect the homogenous region in the images that represents the wound differently from the healthy skin.
Thus, we chose region-based approach and especially the classical and founder model proposed by Chan and Vese® and
whose implementation is available®®. To improve the segmentation results, we performed a pixel filling step and the
wound surfaces using the scale factor previously mentioned were computed.

2.1.3. SVM classification

The wounds evolution was also studied by applying tissue classification process which was preceded by an unsupervised
step of segmentation using JSEG algorithm®®. The basic idea of this algorithm was to divide the segmentation process in
two steps: color quantization and spatial segmentation. The first step aimed to limit the number of colors in the image by
quantification to a few dominant tones preserving a good natural representation of images. The second step, performed
on the quantized image, consisted in the spatial segmentation using a homogeneity criterion J which was calculated in a
neighborhood around each pixel restricted to generate a J-image where a J value was assigned to each pixel. The lowest
values were at the homogeneous regions centers, while the highest ones drew region boundaries. A method of region
growing applied to the J-image provided segmentation of the original image.

The tissue classification process was divided into three main stages: the first one is the regions characterization followed
by the extracted data packaging step and finally the tissue labeling. The classification process begins with the regions
characterization by computing colour (mean components, histograms, dominant colours) and texture (co-occurrence
matrix "GLCM", Gabor filters, local binary patterns) descriptors. Then a reconditioning step is applied using principal
component analysis to avoid redundancy and to reduce dimensionality®. In the third step, different vectors are separated
and the regions class belonging to each tissue type is identified. The classifier used in this stage is a supervised one based
on a support vector machine. The ground truth obtained from the labeled half of the images database was used as training
set for the SVM classifier configured with a perceptron kernel. Its robustness was evaluated using the second unlabeled
half of the image database.

2.2 Multispectral images processing
2.2.1. Multispectral imaging system

The second part of this preclinical study is the evaluation of wound healing by processing multispectral images. They
were acquired by a multispectral system that covers the visible and the near infrared range of the spectrum [430 nm —
780 nm]. This system, called ASCLEPIOS (Analysis of Skin Characteristics by Light Transmission and Processing
Image Of Spectrum), was developed and validated for dermatological applications in the Le2i laboratory in Dijon?’. The
system is coupled with software that reconstructs the reflectance cube (hyperspectral cube) from the acquired filtered
images. ASCLEPIOS is decomposed in two parts: a light source compartment and a hand-held acquisition device. The
illumination compartment houses the light source (Sutter Instrument, model Lambda LS Xenon Arc), and the spectral
selective device. The latter is based on ten medium bandpass interference filters (CVI Melles Griot) which are held on a
filter wheel (Sutter Instrument Lambda 10-3, model LB10-NW) yielding a switching times of 40 milliseconds between
adjacent filters. The acquisition system is based on a monochromatic CMOS digital sensor (Photonfocus Model MV1-
D1312I-160-CL) that provides a spatial resolution of 32 pixels.mm™ and producing an acquisition region of size 32 x 38
mm with a depth of 5 mm. The camera offers a 1.4 Megapixels resolution (1312 x 1082 pixels) and it is integrated into a
handheld device to ensure an ergonomic acquisition images. The control of the filter wheel, the data acquisition and the
generation of reflectance cube are performed using appropriate software installed on the computer (Figure 2).
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Figure 2. ASCLEPIOS multispectral imaging system overview (left). The spectral selective device (right).

2.2.2. Spectral signature

From the collected multispectral images, hyperspectral (HS) cube was generated to provide rich spectral data which may
reveal certain spectral properties or attributes not initially obvious in multispectral images. The reconstructed reflectance
cube represents a 3-dimensional volume (x, y, A) where x and y are for spatial dimensions and A is for spectral dimension
(Fig. 3 left). In our case, a neural network expanded the spectral resolution to reconstruct a 36 wavelength reflectance HS
cube®. The HS cube increased the spectral resolution without increasing the number of filters and important information
can be extracted through the reflectance spectrum that characterizes each pixel. The Fig.3 right illustrates the spectral
signatures of three regions in the multispectral images: the healthy skin, the granulation (the red region in the wound)
and the epithelium that marks the end of the wound healing. Each mean reflectance spectrum was computed in a 20 x 20
pixels window for the three regions in the spectral range of [430 nm — 780 nm].
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Figure 3. The hyperspectral cube with three dimensions (x, y, A) (left). The reflectance signatures of each type of wound tissue:
blue: healthy skin, red: granulation and green: epithelium (right).

2.2.3. Active contour method

In this section we had applied the same unsupervised method of region-based active contour previously used for color
images. Detailed information about the basic idea of the algorithm and its implementation are mentioned in the section
2.1.2. The active contour was applied in multispectral images at 500 nm where the spectra showed great disparities and
the contrast between each wound tissues must be distinguished (Figure 3 right). Then, the wound surfaces were
determined.



2.2.4. KNN classification

The classification approach adopted in this study is a simple supervised classification algorithm using the K-Nearest
Neighbors® (KNN).The basic idea of this method is predicting the class of a test example. In fact, it aims to find the k
training samples to determine the k-nearest neighbors based on a distance measure. Next, the majority of the k nearest
neighbors decides the class of the next instance. Thus, the method uses two parameters: the number k and the similarity
function or metric to compare the new case to those already classified. The parameter k € N is chosen depending on the
given data set dimensions. To avoid equal votes in binary classification, the best choice is to take a k odd value. For high
dimension learning databases, a high k value reduces the noise effect on the classification and hence the problem of over-
learning. However, it may fall into the over-smoothing problem where the boundaries between classes are not distinct.
Several heuristics techniques aim to select the value of k such as the cross-validation method®® *, which find the best
value of k minimizing the classification error. The most commonly used and simplest metric used for KNN algorithm is
the Euclidean distance especially in the case where each observation is a fixed length vector consisted of real numbers.
In our case, a database composed of six vectors characterizing the three different regions of the image (healthy skin,
granulation and epithelium) was constructed. Each tissue type was assigned to a class formed by two vectors that
included the 36 descriptors corresponding to the mean reflectance values in a 40x40 pixels window over the HS cube
images. Hence, we chose k=1 as we have a small learning dataset and we want a good distinction between the three
classes boundaries so that we can separate the three tissue types in the wound images.

3. RESULTS
3.1 Preclinical study protocol

The preclinical study was conducted in the context of apitherapy which refers to medical care based on honeys. This
study aimed to compare the efficiency of medical honeys with classical pharmaceuticals. The clinical protocol consisted
in making two series of artificial eight wounds (3 x 3 cm?) on a pig’s back to be treated, one half with commercial
products (Gelonet, Alginate, Aquacell Argent, Melifarm), and one half with medical thyme honey. A colour digital
camera (Canon EOS 350D) with annular flash was used to acquire wound images (2304x3456 pixels) every three days
during two weeks. Multispectral images were acquired using ASCLEPIOS system every week (Cf. Section 2.2.1).

3.2 Experimental results of RGB images

Fig. 4 shows the result of the active contour based-region method applied to wound RGB images. A filling region step
was carried out to enhance the homogeneous region of the wound on the binary image. Then the wound surfaces were
calculated in cm? after correcting the scale factor. These results were compared to the results of wound surfaces
calculated in the manual labeled wound images. The graph illustrated in Fig. 4 represents the linear regression plot and
shows a correlation index Rz = 0.9947. Fig. 5 shows the results of SVM classification applied on the test database
composed by the half initial dataset. As wounds are neither infected nor necrotic, we have a single wound tissue class.
The wound surfaces were calculated from the number of pixels retained by the mask over the image. These results were
compared with those obtained by the method of the active contour. Both approaches were applied to the same wounds
after removing a few outliers rejected by the classification. Figure 6 shows that the active contour method is more robust
for the RGB images as it presents the highest correlation index.
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Figure 4. (left) Active contour method applied on RGB image: original wound image (a), active contour image (b), binary image
mask (c) and result after region filling step (d). (right) Linear regression plot between results obtained by the active contour
method and the manual labeling.
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Results of the SVM classification. (a) original wound image (b) wound region automatically detected by the SVM
(c) mask applied to detect the "wound" class pixels.
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Figure 6. Comparison of methods: (left) the results of the SVM classification with R2=0.96 and (right) the results of the active

contour method with R2=0.99.

The performance of the two methods was evaluated using sensitivity (Se) and specificity (Sp) measurements that were
derived from the confusion matrix (Fig. 7 left). Other measurements namely the accuracy (P) and the success rate (T)
were calculated using equations in figure 7 center. Results are illustrated in the table of the figure 7 right. It shows that
there is a good equivalence between the two methods. The sensitivity and specificity values confirm that both methods
have a good rate to detect regions considered as "wound" and to eliminate the class of "no wound". We note that the
results obtained for the active contour method were calculated for all the database images. However, those obtained by
SVM classification were computed on only half of the original database as this method needs a training step. Hence, for
a single class approach, the active contour method presents a simple and good alternative for the SVM classification,
proven effective in a multi-class in previous work’, however it presents higher computational cost and rejects some

aberrant results.
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Figure 7. The confusion matrix (left), metrics equations (center), performances of the active contour method compared with the

SVM classification (right).

3.3 Experimental results of multispectral images

The first processing performed to the multispectral images was the active contour method applied to the images acquired
at 500 nm where we noted the highest disparities between the spectral signatures of the three tissue types of the wound.
Fig. 8 shows an example of the obtained results. The active contour surrounded the homogenous region (granulation +



epithelium) of the wound. Fig 9 illustrates the results obtained after KNN classification applied in the multispectral
images. We noted that three wound types were roughly distinguished: the healthy skin, the epithelium and the
granulation. However, some errors were detected due to the reflection. Knowing the spatial resolution of the
multispectral imaging system (32 pixels.mm™), the wound surfaces were calculated.

From the results previously described, we concluded that the active contour method could not distinguish between
different tissues in the wound where the outline surrounded both the granulation and the epithelium without
differentiation them. Figure 10 shows that the wound surfaces calculated by this method are higher than those calculated
by the KNN classification that presented a better separation of tissue regions. The gap illustrated between the histograms
represents the epithelium region that is not detected by the method of the active contour. Also, we concluded that

wounds treated by pharmaceuticals (wounds 4 and 5), are not properly healed because of the small difference between
the two histograms of the two methods.

(b) (c)
Figure 8. Result of the active contour method in a multispectral image at 500 nm: (a) original wound image, (b) the active
contour surrounding the wound, (c) mask of the wound surface.

Figure 9. Results of the KNN classification in multispectral images with the detection of three wound types: (blue) healthy skin,
(red) granulation and (green) epithelium.
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3.4 Comparison of wounds

During this study in apitherapy, the level of wounds healing had been evaluated. After calculating the wound surfaces in
cm? (Table 1), they were standardized in percentage in order to compare the temporal wound healing evolution (Fig. 11).
The rate of wounds healing was calculated for 5 sessions of images acquisition taken every 3 days during the study
period. Table 2 and Figure 11 show that wounds treated with honey have a better healing level (wounds 2, 3, 6, 7)
compared to wounds treated with pharmaceuticals. Thus, it proves that the medical thyme honey is a good natural
product for healing wounds that could substitute conventional pharmaceuticals which are much more expensive.

Table 1. Measurements of wound surfaces (cm?) during 5 sessions of the study. The wounds 2, 3, 6, 7 were treated by medical

thyme honey. The wounds 1, 4, 5, 8 were treated by pharmaceuticals.

Wound] |Wound 2 | Wound 3 | Wound 4 | Wound 5 |Wound 6 | Wound 7 |Wound 8
Session 1| 7,62 9,35 8,85 8,68 8,91 8,08 7,91 7,41
Session 2| 9,00 | 10,43 | 9,80 | 10,53 | 11,24 | 10,47 | 9,68 9,45
Session 3| 4,10 5,94 7,60 7,95 8,68 8,06 8,54 8,31
Session 4| 1,90 2,65 3,77 4,31 6,56 3,48 4,72 4,24
Session 5| 1,38 1,72 3,31 3,58 5,43 3,81 3,47 2,97

Table 2. Level of wound healing (%). The wounds 2, 3, 6, 7 were treated by medical thyme honey. The wounds 1, 4, 5, 8 were

treated by pharmaceuticals.
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Figure 11. Standardized wound surfaces evolution during the study. Wounds treated with medical honey and Gelonet have the
smallest surfaces. However, the most elevated surface is determined for the wound treated with Aquacel argent.



4. CONCLUSION

A comparative preclinical study was conducted in the context of apitherapy where RGB and multispectral images were
processed in order to analyse wound healing evolution. Experimental results show that, for artificial wounds, active
contour method is more efficient compared with supervised method such as SVM with tedious labelling and learning
steps. Furthermore, we noted that multispectral imaging enables a deeper analysis of wound images where epithelial
tissue can be clearly discriminated from granulation tissue, which is not the case with RGB imaging. In medical field,
this study demonstrated that medical thyme honey is a relevant low cost alternative to commercial wound care products.
Further experiments will be planned on three pigs with a new version of the prototype in order to validate the
reproducibility of the experimental results and to enable full matching between colour and multispectral data.
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