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Abstract: Chronic wounds or wounds that are not healing properly are a worldwide health
problem that affect the global economy and population. Alongside with aging of the population,
increasing obesity and diabetes patients, we can assume that costs of chronic wound healing will
be even higher. Wound assessment should be fast and accurate in order to reduce the possible
complications, and therefore shorten the wound healing process. Contact methods often used by
medical experts have drawbacks that are easily overcome by non-contact methods like image analysis,
where wound analysis is fully or partially automated. Two major tasks in wound analysis on images
are segmentation of the wound from the healthy skin and background, and classification of the
most important wound tissues like granulation, fibrin, and necrosis. These tasks are necessary for
further assessment like wound measurement or healing evaluation based on tissue representation.
Researchers use various methods and algorithms for image wound analysis with the aim to outperform
accuracy rates and show the robustness of the proposed methods. Recently, neural networks and
deep learning algorithms have driven considerable performance improvement across various fields,
which has a led to a significant rise of research papers in the field of wound analysis as well. The aim
of this paper is to provide an overview of recent methods for non-contact wound analysis which could
be used for developing an end-to-end solution for a fully automated wound analysis system which
would incorporate all stages from data acquisition, to segmentation and classification, ending with
measurement and healing evaluation.

Keywords: chronic wounds; imaging; wound segmentation; tissue classification; 3D reconstruction;
wound measurement; healing evaluation

1. Introduction

The definition of chronic wounds (CW) varies from different aspects of medicine but often they
are defined by the time required for the wound to heal. According to WoundSource, a broad definition
would be, “A chronic wound is one that has failed to progress through the phases of healing in an
orderly and timely fashion and has shown no significant progress toward healing in 30 days” [1].
Dadkhah et al. [2] define it as a wound that did not heal 40% in four weeks, while Mukherjee et al. [3]
and Gautam and Mukhopadhyay [4] define it as a wound that remained unhealed for more than 6
or 12 weeks, respectively. Irrelevant to healing time, CW are wounds that are not healing despite
medical treatment and should further be analyzed. Overall, CW can heal in a couple of months or
even years but if it is concluded that a wound is not healing properly then wound treatment should
be changed accordingly. Knowledge and fast decision making are crucial throughout the ongoing
wound healing process, from the initial diagnosis to the final examination, because if the wounds
are not accurately and orderly treated, the severity of the wound can increase drastically at any time.
Based on the categorization of the healing period, wounds can be separated into two main categories:
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acute and chronic. Acute wounds heal gradually, appropriate for size and type of the wound, usually a
short period of time [5]. Chronic wounds can be divided depending on its cause, e.g., venous leg
ulcer, diabetic foot ulcer, pressure ulcer, and burns [6]. In Chakraborty [7], CW are similarly grouped,
but instead of burns, the authors introduced arterial ulcers. Every type of CW has special circumstances
and should therefore be treated and healed accordingly.

Chronic wounds affect population and economies worldwide. The aging of the population
together with an increase in obesity and diabetes contributes to an increasing number of chronic
wounds. According to [5], expenses for USA per year for the overall treatment of chronic wounds were
estimated to be $25 billion affecting 6.5 million people. According to the same source, the prevalence
rate of chronic wounds in the UK population is around 5.9% which results in £2.3–£3.1 billion for
healthcare costs per year. Germany and India have prevalence rates of 5.9% and 4.5%, respectively [8].
Worldwide, in 2012, there were 24 million people affected by chronic wounds [7]. Overall cost data for
other parts of the world like Africa or India is not presented but we can assume numerous chronic
wound problems due to shortages of medical staff and equipment especially in big rural areas [6].

Manual wound analysis is a problematic task because it is susceptible to the opinion of an individual;
hence, wound imaging has a great potential to offer much more information than analysis from one
point of view. Chronic wound analysis methods can be divided into contact and non-contact methods.
Contact methods such as manual planimetry using rulers, transparency tracing, color dye injection,
and alginate molds, are considered traditional and have been used mostly in the past [9]. They are
usually very painful for patients as well as unpractical for medical staff, and because of the irregularity
of wound shape, they often lack accuracy and precision. The application of non-contact wound analysis
has improved with the increase in computational power. Moreover, advances in data analysis have
led to the fast-growing use of the digital imaging approach in wound assessment. Wound imaging
methods can be separated into digital camera imaging, hyperspectral imaging, thermal imaging,
laser doppler imaging, confocal microscopy, optical coherence tomography (OCT), near-infrared (NIR)
reflectance spectroscopy imaging, ultrasound imaging, and other novel imaging techniques [6].

Zahia et al. [10] made a review of image-based pressure wounds analysis of 82 scientific
papers and surmised four main wound imaging tasks: wound segmentation, wound measurement,
tissue classification, and healing evaluation. 3D reconstruction as an important part of the wound
imaging was not evaluated. Furthermore, the paper widely explains the types of neural networks,
their definition and usage, and their contribution to skin wound image analysis. All analyzed papers
were published before 2018.

Wound segmentation separates the wound from surrounding skin and background,
wound measurement determines wound dimensions, tissue classification outlines different wound
tissues and healing evaluation predicts the time necessary for wound healing. Most of the
research papers in image wound assessment are about wound segmentation and/or classification
of wound tissues. The majority of papers divide wound tissues into three types: granulation,
fibrin (slough), and necrosis (eschar) as can be seen in Figure 1 [11]. Additionally, some authors
expand the number of tissue types for the purpose of increased accuracy. In Rajathi et al. [12],
the authors added epithelial healing tissue, while Kumar and Reddy [13] expand to eight types
of tissues, adding fascia, bone, muscle tissue, and tendon. Overall, granulation is red tissue that
is healing properly, fibrin (slough) is yellow wet tissue that accumulates on the wound surface,
and necrosis is black colored tissue that has died.

In order to increase the objectivity of the results, computer-aided wound analysis should be
automated as much as possible, without user interference, camera adjustment, placing rulers, markers,
or manual cropping of images. Similarly, test images should be acquired in different lighting conditions,
since this is one of the significant problems affecting the robustness of a method. Unfortunately, in order
to achieve such objectivity and robustness there are many challenges which need to be overcome.
Different wound types such as burns or pressure, venous, and diabetic ulcers all have their specific
locations where they appear, whether they are on a flat or curved part of the body and the respective
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size they can achieve. Furthermore, wound surfaces can be very complex with multiple types of
tissues intertwined together which make them very hard to separate. Surrounding wound tissue can
also interfere with separation with its various skin pigments and especially if it has only recently
been healed, its color can still resemble some parts of the wound. Depending on the camera used,
wounds can be recorded in one or multiple shots. If a standard 2D camera is used and the wound is on
a curved surface, the potential measurement would not be very precise if only one image is taken. It is
generally accepted that image-based methods have a maximum error of area measurement of about
10% depending on the wound location and the camera angle. This fact has been experimentally proven
in several studies including [14] where the authors also conclude that image-based measurement is a
viable alternative to contact-based methods such as VisiTrak. In order to resolve the issue with curved
surfaces, multiple images of the same wound from different angles must be taken and then multiple
view geometry methods used in order to reconstruct the surface of the wound and precisely measure it.
Multiple view geometry approaches have some limitations which could result in arbitrary surfaces
not being able to be reconstructed or creation of noisy 3D surfaces, in which case it would be better
to use a 3D camera. 3D cameras provide 3D point clouds which means that precise measurement
of curved surfaces is possible even from a single view. However, if multiple views with associated
point clouds are available, more detailed and precise reconstruction is possible with point cloud
registration, regardless of the wound position and size. Regardless of the camera used, the recording
of the wound should be as close as possible with respect to camera specifications in order to achieve
the best possible resolution and sampling precision. In order to improve generalization and robustness
of the overall system, lighting conditions for recording images should be such that it should not favor
a single type of lighting especially when creating data samples used for training various machine
learning methods. Furthermore, using diffused type of lighting sources, i.e., not using directional light
should somewhat alleviate the influence of shadows from surface geometry and reflections from glossy
parts of the wound.Appl. Sci. 2020, 10, x FOR PEER REVIEW 3 of 28 
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Typically, image analysis is tested only on a selected group of images which are often not a
representative group, so high diversity in used images for training and testing would result in a more
robust method. Another issue is the small number of images of chronic wounds that exist in publicly
available databases, especially annotated. The availability of annotated databases would save a lot
of time for researches in this field and it would enable easier entry of other researchers into the field
and faster application of novel methods. Most commonly used wound image database is provided by
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Medical Device Technical Consultancy Service (Medetec) [15], which is used by many researchers in
this field [4,6,11,16].

The aim of this paper is to provide an overview of most recent methods used for various stages
of non-contact wound analysis which could be used for developing an end-to-end solution for fully
automated system for wound analysis. This system would incorporate all stages from data acquisition,
to segmentation and classification, ending with measurement and healing evaluation.

Such a solution could even be integrated into the Clinical Decision Support Systems (CDSS).
CDSS helps clinicians with decision making where it is basically a support system that uses knowledge
gathered from two or more sources of patient data in order to generate specific advice. The system
analyzes available patient data and can even be combined with electronic health records (EHR) [17].
By using the aggregated data, it provides assistance for complex tasks and makes it easier and faster
for clinicians to make decisions on important cases. CDSS cannot replace the medical expert and
make decisions on its own, but it can advise and help with its knowledge base in order to provide a
better solution for the patient. In the study by [18], CDSS showed good results where it improved
the performance of medical practitioners. Therefore, integrating an automated wound assessment
solution into the CDSS would be beneficial because it would enhance the system with another valuable
source of data. The system could then integrate data on wound metrics and tissue prevalence into
its decision making process or it could display the 3D wound model for follow-up comparison and
further analysis.

The main contributions of this paper are as follows: (i) detailed overview of papers which deal
with all types of wounds (including burns and melanoma) in the field of wound image analysis
(alongside with computation times for conducting the proposed methods if available) as recent as 2020;
(ii) overview of the most used preprocessing and post processing methods; (iii) overview of most
recent wound image analysis tasks of wound segmentation, tissues classification, 3D reconstruction,
wound measurement, and healing prediction presented orderly as in the studied papers.

The rest of the paper is divided as follows. In Section 1.1, a brief historical overview is provided,
while Section 1.2 describes the methodology used for this paper. Section 2 explains basic concepts
for assessing used method’s accuracy and algorithms overview, while in Section 3 wound image
acquisition alongside with preprocessing and postprocessing methods are explained. Sections 4
and 5 present the most recent wound segmentation and tissue classification methods respectively.
3D reconstruction is evaluated in Section 6, and important tasks of wound measurement and healing
evaluation are explained in Section 7. Section 8 contains discussion, and Section 9 concludes this
review paper.

1.1. Brief Historical Overview

Chronic wounds as one of the medical weak spots need precise and fast healing treatment.
Improvements in technology and computing in the past contributed to development in the field of
automation and computer vision. Due to obvious shortcomings of contact based methods, researchers are
focused on the development of automated non-contact methods for wound assessment. Objective and
precise wound healing assessment would help clinicians in determining most appropriate wound
treatment. Figure 2 presents typical methods used for wound analysis in specific decades. It can be
seen that as technology advanced, researchers moved from simple features and hardcoded thresholds
to soft computing methods and machine learning.
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First researchers in this field analyzed the wounds in 2D images using linear measurement,
planimetry or stereophotogrammetry which had fair accuracy but it was not suitable for medical
centers due to bulky equipment and slow performance [19]. Furthermore, typically a ruler, or some
scaling device was placed near the wound where the image recording was taken [20]. While conducting
wound measurement on video images, research by [21] concluded that it is better than using
simple photography.

First wound volume measurement was performed with injection of gels inside the wound [22] or
with more noninvasive methods like 3D laser imaging system with notable accuracy [23]. Moreover,
Measurement of Area and Volume Instrument System (MAVIS) was introduced which utilized
structured light principle and generated the 3D model of the wound. The method was noninvasive
and showed good performance results, but the system was large and expensive [24].

Wound tissue analysis had been primarily based on digital images with methods like
red-yellow-black model [25] or color histograms, which were used to classify the wound tissues
in order to assess the wound healing process [26].

Furthermore, with the development of more advanced algorithms such as support vector
machines (SVM), researchers in the field of wound analysis started using these methods for image
segmentation task [27]. Advances also happened in wound measurement where Visitrak system,
similar to digital planimetry, was used with very high accuracy [28], but more researches focused on
avoiding the contact with the wound [29]. Improved MAVIS II performed 3D reconstruction from
handheld device based on stereo vision with volume error of maximum 6%, but the edge of the wound
needed to be traced manually [30].

More recent methods started to implement standard digital camera for stereo vision where
3D reconstruction is conducted from two images [31], or from a handheld RGB-D camera [32].
Methods were faster, more robust and accuracy rates increased. The most recent novelty in wound
analysis is the use of deep learning as it showed promising results in certain tasks [33]. With the
development of widespread mobile phones, some papers performed image analysis based on pictures
taken by phone with some accuracy [34]. The biggest advantage of those systems is that the user can
take a picture of the wound itself, send the image to a data-center, so that a clinician can inspect the
wound just by accessing the wound image remotely, and even advise the patient in healing treatment.

Although all the aforementioned systems perform some tasks of wound assessment fairly, from a
medical aspect, an end to end system that would perform all tasks of wound analysis including
wound detection, segmentation, classification, 3D reconstruction, measurement and healing evaluation
is still unknown. In order for such a system to be implemented in a medical center, it must be accurate,
fast, safe for patients, easy to use, not expensive and robust in a way that can work under different
image capturing conditions, types of skin, and different types of the wounds. Moreover, the system
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should be as automatic as possible in order to reduce subjective input and raise measurement objectivity.
Future researches in the field of wound analysis should be focused on development of such systems
that would assess the wound as a whole and provide all the valuable information for clinicians.

1.2. Methodology

The body of knowledge used in this paper is collected using various online available databases
namely, Wiley Online Library, ScienceDirect, BioMedical Engineering OnLine, SpringerLink, IOS Press
Content Library, MAG Online Library, Sciendo, IEEE Xplore, Taylor&Francis Online, National Library
of Medicine, IGI Global, etc. For assembling the bibliography of papers which are dealing with
any aspect of wound assessment, certain search terms were used. The used search terms and their
combinations were “image”, “analysis”, “assessment”, “management”, “wound”, “chronic”, “injury”,
“segmentation”, “detection”, “diabetic”, “RGB-D camera” “computer”, “neural network”, “evaluation”,
“tissue”, “classification”, “3D reconstruction”, “measurement”, “healing”, “evaluation”, “imaging”,
“processing”, “automatic”, and “ulcer”.

A total of 201 papers were obtained dealing with some aspect of chronic wound analysis, where the
keywords, abstract, or conclusion satisfied the aforementioned search terms. Considering only papers
from 2013 until 2020, a total of 79 papers were evaluated in this overview. Of these papers, 39 papers
dealt with wound segmentation, 31 papers with tissue classification, 19 papers with measurement and
healing and only 8 papers with 3D reconstruction. Certain papers dealt with more than one stage of
wound analysis, so these papers were used in multiple sections of this review.

Papers mentioned in segmentation section are strictly papers who delineate the wound boundary
while the classification section includes papers which separate the wound tissues found inside the
wound area. Measurement, 3D reconstruction and healing evaluation sections considered papers
that work together with segmentation and tissue classification as obligatory stages. Measurement
papers emphasize the main topic of measuring wounds, while 3D reconstruction papers taken into
consideration focus on making the 3D wound model. Healing evaluation papers which are considered
are extensions of tissue classification and/or wound measurement.

Certain authors alongside with their co-authors published more than one research paper in the
field, so their papers are summarized in separate paragraphs in appropriate sections where the most
contribution has been recognized. Summary tables present most recent papers of such authors, but not
all of them. Entries in summary tables are ordered by year of the paper publication as it is the most
important inclusion criteria along with the topic of their research.

2. Performance Metrics and Algorithms Overview

To calculate the accuracy of a particular method, the results of the method are compared with
image ground truth, which is the original image typically labeled by medical experts. True positive (TP),
true negative (TN), false positive (FP), and false negative (FN) are obtained by comparing the ground
truth image with the resulting image of the given method. Figure 3 shows corresponding terms between
the original wound labeled by medical experts and the result of the image processing algorithm.
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Taha and Hanbury [35] evaluated 20 different metrics for image segmentation in medical imaging.
Their aim was to provide a standard for evaluating medical image analysis but since metrics have
different properties, selecting a suitable metric is not a trivial task. Comparing the results of a
certain method, it is possible to evaluate metrics like accuracy, sensitivity or recall, specificity,
dice similarity coefficient (DSC), precision, etc., presented by Equations (1)–(5), respectively.

Accuracy =
TP + TN

TP + FP + TN + FN
(1)

Sensitivy =
TP

TP + FN
(2)

Speci f icity =
TN

TN + FP
(3)

Dice =
2TP

2TP + FP + FN
(4)

Precision =
TP

TP + FP
(5)

In order to increase ground truth precision, labeling should be done by more than one expert so the
result is not susceptible to a singular opinion of the individual [8]. Annotated images affect the analysis
result and its accuracy rates so it should be done as detailed as possible. The shape of the wound and
tissue distribution is usually irregular which creates problems during the annotation of the wound
and its tissue samples. Manual marking in a tool like Photoshop [36] can be time-consuming, so some
researchers like [9] developed their own software for labeling the specific tissue types. Some research like
Fauzi et al. [37] even calculates the agreement in ground truth labeling between three medical experts
to determine the minimum, maximum, and mean value of ground truth agreement. The performed
classification gave a result of 75.1% considering that the average agreement between the clinicians was
between 67.4 and 84.3%.

An important metric of digital image analysis is spent CPU and GPU computational time [36].
By cropping the wound part on the test image or dividing the image into smaller parts (segments)
computational time can be reduced significantly. The wound should be estimated by the most important
factors which depict wound state like wound size, volume, wound edge, infection, tissue structure,
pain, etc. [38]. In imaging, visual data is discretized into image pixels. Similarly, image regions
composed of repeated elements are called textures [39]. The most important features a pixel can give
are color and texture, if we consider other pixels in the neighborhood, from which valuable information
can be extracted and used for classification and clustering [8]. Extracted descriptors or features of image
segments help to differentiate between wound or tissue pixels. Researchers select which features are the
most useful, as in the study by Veredas et al. [40] for the better result of their methods. Maity et al. [9]
even calculated 105 features for each pixel and used them for classification in their proposed method.

Algorithms for CW image analysis can be divided into supervised and unsupervised, while for
reinforcement learning algorithms we were not able to find examples where it was used for any
stage of wound assessment. Supervised algorithms need predefined human-labeled training data
for image segmentation and classification. A database in supervised learning is often divided into
training and testing data, mostly in the ratio 3:1 as in [12]. Typical examples of supervised learning are
neural networks (NN), support vector machine (SVM), etc. In unsupervised algorithms it is unknown
what data belongs to what cluster, so we can observe it as the grouping of raw data into clusters.
Examples of unsupervised learning are k-means clustering, fuzzy c-means, etc. One of the reasons for
the expansion of image processing papers from 2017 is the usage of deep neural networks, especially
convolution neural networks that showed a high accuracy rate for classification purposes [41–43].
A deep neural network as part of the supervised learning needs a considerable database for the
training of the network but as mentioned earlier, lack of a publicly available CW annotated image
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database is an ongoing problem. The researchers in this field typically create a small custom annotated
database and afterward increased the number of training images by rotation, zooming, or shifting
of original images [44]. In Zahia et al. [41], 22 original input images of 1020 × 1020 are divided into
5 × 5 patches, thereby acquiring 380,000 small images each one containing one of the studied tissue
classes for network training. The shortage of images needed for the deep neural networks learning
phase can be compensated with a deep neural network previously learned on another general purpose
database with a big number of images like ImageNet. This procedure is called transfer learning and it
has shown some good experimental results [45].

3. Image Acquisition, Preprocessing, and Postprocessing

Most CW images are taken with a digital camera, smartphone, or RGB-D camera. New methods
should be robust enough so that the images could be acquired under normal lighting conditions,
without special adjustment of the wound, special instruments, or some special capturing conditions.
In a study by Wang et al. [46], the authors developed an image capturing device in the shape of a
box that consisted of two mirrors placed inside the box at the angle of 90◦. The foot was placed on
the surface of the box for image capturing. The aforementioned image acquisition is not suitable for
wounds on other parts of the body and without image capturing experience it cannot be used elsewhere.
As a rule, the user should not be particularly familiar with the proposed analysis method so he can be
objective in wound acquisition [37].

The preprocessing stage is fundamental for the majority of the methods because images must
be properly adjusted in order for wound segmentation or tissue classification to be more effective.
The most used methods are:

• Conversion of color spaces Images captured by a camera or smartphone are typically saved in
RGB color space which is not an ideal color space for analyzing color features. Two visually close
colors for the human eye may be more separated in the color space than two other colors that
are visually more distant [47]. Most of the considered research convert to some of the following
color spaces:

� HSV or HIS Hue, saturation, and value, or intensity color space were used in [3,37,48–50].
� YCbCr Luminosity component and blue-difference and red-difference chroma components.

Li et al. [51] concluded that there is a clear difference between the skin and the background
in the Cr channel.

� YDbDr Similar in composition to YCbCr. Yadav et al. [52] and Chakraborty [11] showed
that in this color space contrast between wound and background is highest.

� CIELab Color space where numerical change in its channels values roughly corresponds to
the same amount of visually perceived change. Used by e.g., [46,53,54].

� RYKW Red-Yellow-Black color space for determining the tissue types used in [55].
� L*u*v* also called CIELUV Color space that attempts perceptual uniformity, defined by

the CIE as a transformation of the 1931 CIE XYZ color space, used by [56].
� Grayscale Conversion from RGB image to grayscale is typically performed by the Equation

(6) and has been used in [41,57,58].

Grayscale = 0.2126R + 0.7152G + 0.0722B (6)

Research like that of Haider et al. [53] combines multiple color spaces, CIELab color space for
wound detection, and HSV color space for healing evaluation. In Huang et al. [59] authors apply a
white balance method in which 5% of the brightest and darkest parts of the image are removed, while
Navas et al. [60] use 4 different color spaces for color feature extraction RGB, HSV, YCbCr, and YIQ.
Dark red granulation tissue and black necrosis tissue have similar hue characteristics therefore, in [5]
and [37] the authors modified all three channels in HSV color space for better segmentation.
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• Choosing the right color channel for further analysis Researchers always take the most convenient
channel from color space to achieve the best performance in the proposed method. Some of the
used channels are:

� Db channel—YDbDr color space Manohar Dhane et al. [8] chose this color channel by
measuring the mean value of contrast between wound and background for 14 color spaces
and all of their channels, so as [11] who evaluated that the Db channel has maximum
contrast between wound and background.

� Cr channel—YCbCr color space Value for skin of 135–160 with certain modifications can
be easily used for wound segmentation as in [51].

� S channel—HSV color space Used by Gupta [49].

• Noise removal and image blurring Image denoising is an important task in digital image analysis
as its role is removing white and black pixels from the image caused by shadows, camera flash,
etc. while preserving the edges. In the blurring of an image, the aim is to remove drastic changes
in pixel values which usually occur on border pixels so the border becomes fuzzy. Chakraborty
and Gupta [61] tested 16 different filters for noise removal and concluded that the best one is an
adaptive median filter. Some of the other filters used in papers of wound analysis:

� Median filter [49,60,62,63].
� Gaussian filter (blur) [64].
� Ordered statistics filter [8].

• Image cropping In Shenoy et al. [44] authors resized images to fit the input of their CNN
architecture, while Zhao et al. [65] segmented the target wound region with an annotation app.
This was because if original images were fed into the network, it would learn most of the features
of the background and therefore would not accurately learn wound features.

• Superpixel segmentation Authors like Biswas et al. [5] and Liu and Duan [66] divide the input image
into pixel groups that contain similar features, also called superpixels. Superpixel segmentation is
often performed using simple linear iterative clustering (SLIC) algorithm.

• Color correction Color correction is often performed by using a combination of gray world
estimator and retinex theory as in [8,52,63,67].

• Color homogenization An anisotropic diffusion filter is used for the homogenization of colors
along with the preservation of edges, thus only smoothing between edges as in [8,52,63,67].

• Contrast equalization The aim is to enhance contrast in the image to bring out subtle differences,
usually done with contrast limited adaptive histogram equalization (CLAHE) as in [44].

Most papers, after the proposed wound image analysis, finally perform some type of postprocessing,
such as noise removal, edge softening, or conduct some morphological operations to make
the segmented wound region look natural. To refine the output image, Biswas et al. [58]
perform morphological operations like hole filling or area base filtering. Fauzi et al. [37] apply
morphological closing and filling to remove noise and soften the edges, while Yadav et al. [52]
smooth the object by sequential dilation and erosion of the image with a diamond structuring
element. Manohar Dhane et al. [8] also use morphological operation of hole filling, area opening
and closing, bridging, thickening, and thinning.

4. Wound Segmentation

Wound image segmentation where the wound is separated from the background and the other
parts of the body is a necessary task in order to perform additional wound analysis such as tissue
classification, wound measurement, 3D reconstruction, or healing evaluation. The goal of segmentation
is to separate the image in two classes, namely, wound, and non-wound [48]. Some researchers like
Biswas et al. [58] first segment the part of the body with the wound, and then the wound itself from
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the surrounding skin. The performance of image segmentation depends on the input image that is fed
into the algorithm because if the wound on the input image is a too small, or very dark, the probability
of accurate segmentation is uncertain [37].

As mentioned before, authors in [58] separated wound segmentation into two stages. The first
stage was removing the background of the image which resulted in an image containing only the
wound and surrounding skin. The result is then fed to the second stage classifier to delineate the wound.
In each stage, the SVM classifier is used and trained on a combination of texture and color features
with only two classes, first stage, background, and skin class (wound and surrounding skin together),
and a second stage wound and surrounding skin class. Wound area segmentation is fully automated
with an accuracy of 71.98% tested on 10 images. On the most recent work by Biswas et al. [5],
authors continued to work with superpixel image regions but with a different algorithm approach.
Based on a region growing algorithm, as in previous work by Ahmad Fauzi et al. [68], the authors
combined 4D probability map generation with a superpixel region growing algorithm and achieved an
overall accuracy of 79.2% on 30 images.

Dhane et al. [48] introduced the spectral clustering method for wound image segmentation.
Based on the S channel in HSV color space, the image was converted into data points from which the
similarity graph was calculated with the Gaussian similarity function. Calculating the similarity matrix
and finally, with the aid of the k-means clustering method, an encouraging accuracy of 86.73% on
105 images was obtained. In their new research [8], authors continued with fuzzy spectral clustering.
Gray based fuzzy similarity measure was used to construct the similarity matrix and k-means to cluster
the points. Wound segmentation based on 70 images obtained an accuracy of 91.5%.

Yadav et al. [52] used fuzzy c-means and k-means for wound segmentation of five different types
of chronic wounds on 77 images from the Medetec image database. Analysis of contrast in fifteen color
spaces and their 45 color channels provided the highest contrast in Db and Dr channels in YDbDr
color space. The proposed method gave average accuracy results in the Db channel 75.23% and Dr
channel 72.54%.

Li et al. [51] proposed a deep neural network based on modified MobileNet architecture together
with traditional methods to remove the backgrounds of the images and semantically correct the
segmentation results. The precision of 94.69% was achieved on 950 images obtained from the internet
and hospital. The proposed WoundSeg neural network in X. Liu et al. [69] also adapted MobileNet
architecture with different numbers of channels alongside with VGG16 architecture. According to
the same authors, networks with MobileNet architecture are more efficient compared with those
using VGG16, although with a little lower accuracy of 98.18%. MobileNet is also the backbone of CNN
in the most recent work by Li et al. [70]. Convolutional kernel enchanted with location information
is added at the first convolution layer of the network which improves the segmentation accuracy.
On 950 images precision was 95.02%.

Filko et al. [32] considered also wound detection as an important stage of wound analysis. All other
papers consider the wound to be detected by the user who is capturing the image. In their further
research Filko et al. [71] set as the main goal of the detection phase to find the center of the wound and
it is performed with color histograms and kNN algorithm. Segmentation is first performed by dividing
the reconstructed 3D surface into surfels. Defined surfels are then grouped into larger smooth surfaces
by region growing process which utilizes geometry and color information for establishing relations
between neighboring surfels. Finally, the wound boundary is reconstructed by spline interpolation
and the wound is isolated as a separate 3D model using a visualization toolkit (VTK). Methods were
tested on Saymour II wound care model by VATA Inc.

Gholami et al. [64] compared seven different algorithms for wound segmentation: region-based
methods (region growing and active contour without edges), edge-based methods (edge and
morphological operations, level set method preserving the distance function, livewire, and parametric
active contour models or Snakes) and texture-based methods (Houhou–Thiran–Bresson model).
The authors tested their method on 26 images and overall accuracy was the highest for the livewire
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method with accuracy of 97.08% but with long user interaction time, and hence longer overall
computation time.

Table 1 presents research papers considering wound segmentation. Operations such as dividing
the input image into segments or regions of interest are in the preprocessing column since only methods
for wound segmentation are considered in the segmentation column. Values presented for accuracy
rates are average or the highest one for specific methods and values for computational times are average,
minimum, or maximum for overall images or for a specific method that showed the best results. Not all
performance metrics are the same in all the papers and not all values of computational times are
presented in researches.

Table 1. Segmentation of chronic wounds on digital images.

Paper Preprocessing Segmentation Image
Database

Performance
Metrics

Time (s)
Avg/Min/Max

Wagh et al.,
[72] 2020. CLAHE

CNN (FCN, U-Net,
DeepLabV3

model), associative
hierarchical

random field
(AHRF)

1758 images
(Personal +

from Internet)

Dice Coefficient
0.876 0.049/0.04/300

Wu et al., [73]
2019. N/A GrabCut algorithm,

color thresholding 4 images N/A 1.7/1.47/2.23

Cirillo et al.,
[74] 2019.

CIELab color space,
Gaussian filtering

Fuzzy c-mean
clustering,

Postprocessing:
morphological

operation

13 images Sensitivity
95.89% 214.5/115/358

Cui et al., [75]
2019.

Noise removal
(mean filter),

color constancy

CNN—Patch-based
and U-net model 445 images Accuracy 96.6% N/A

Şevik et al., [76]
2019.

CIELab color space,
Fuzzy C-means

(FCM), SLIC,
k-means,

expectation
maximization (EM)

CNN—SegNet
model, ANN 105 images Precision

79.98% 505.1/18.48/1579.76

Farmaha et al.,
[77] 2019.

SLIC, Watershed,
Quickshift
superpixel

segmentation

Autoencoder
(DNN), Deep

Embedded
Clustering (DEC),

k means

150 images N/A 7.25/6.87/7.85

Li et al., [70]
2019. Location map DNN—MobileNet

model

950 images
(Personal +
Medetec)

Precision
95.02% N/A

Biswas et al.,
[5] 2019.

SLIC, HSV color
space modification

4D probability
map, Superpixel
region growing

30 images Accuracy 79.2% 3/-/-

Ohura et al.,
[36] 2019. N/A CNN—U-Net

model 396 images Accuracy 97.8% 7.09/-/-

Gholami et al.,
[64] 2018.

Intensity
normalization,
Gaussian blur

Region growing,
HTB, active

contour, edge and
morphological

operations, level
set, livewire,

snakes,

26 images Accuracy
97.08% 17.8/-/-

X. Liu et al.,
[69] 2018.

Training data
augmentation

DNN—MobileNet
model

950 images
(Personal +
Medetec)

Accuracy
98.18% N/A
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Table 1. Cont.

Paper Preprocessing Segmentation Image
Database

Performance
Metrics

Time (s)
Avg/Min/Max

Bhavani and Jiji
[78] 2018.

Image differencing,
image registration

Region growing,
K-means, kNN 1770 images Accuracy

94.85% N/A

Huang et al.,
[59] 2018.

White balance,
anti-glare-Otsu’s

threshold method,
CLAHE

Level set, snake 1 image N/A N/A

İlkin et al., [62]
2018.

Median filter
Otsu’s threshold
method, Canny
Edge algorithm

170 images N/A 39.6/8.95/100.17

Li et al., [51]
2018.

YCbCr color space,
Cr channel used

Deep
CNN—MobileNet

model

950 images
(Personal +
Medetec)

Precision
94.69% N/A

Biswas et al.,
[58] 2018.

SLIC, RGB
histogram

SVM—two stages
Postprocessing:
morphological

operation

110 images Accuracy
71.98% N/A

Manohar
Dhane et al., [8]

2017.

Color
normalization,

noise removal—1st
ordered statistic
filter, Db color

channel

Fuzzy spectral
clustering,

K-means algorithm
70 images Accuracy 91.5% 180/-/-

Goyal et al.,
[42] 2017. N/A CNN—FCN-16

model 705 images DSC 89.9% N/A

Yang et al., [79]
2017. HSV color space Multi-task DCNN

model 2150 images Jaccard Index
72.4% N/A

Babu et al., [80]
2017. N/A

Watershed—flooding
and pruning

algorithm
3 images Accuracy

99.03% N/A

Pasero and
Castagneri [81]

2017.

Adjust brightness
intensity, median
filter, HSV color

space

Classification
based on HSV and

RGB color map
calculated with

Euclidean distance

35 images Precision 90.0% N/A

L. Wang et al.,
[46] 2017.

Cropping to 560 ×
320, CIELab color

space, SLIC
Two-stage SVM 100 images Specificity

94.6% 17.5/15.4/20.5

David et al.,
[57] 2017. Grayscale

Synthetic
frequencies, Otsu’s
threshold method

51 images Average
correlation 0.89 9.04/-/-

Gupta [49]
2017.

HSV color space,
median filter,

dilation

Otsu’s threshold
method, Suzuki85

algorithm
20 images Accuracy 70% 50/-/-

Dalya and
Shedge [50]

2017.

Compression with
YCbCr color space,

HSI color space

Feature-based
(K-means),

Edge-based (SVM),
Threshold-based,

Region-based

1 image N/A N/A

Kavitha et al.,
[63] 2017.

YCbCr color space,
color correction,
noise removal,

color
homogenization

Factorization based
segmentation N/A N/A N/A

Lu et al., [16]
2016.

Color correction,
FLSM (Fast Level

Set Model)
intensity correction

CNN 300 images
(Medetec) Accuracy 82% N/A
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Table 1. Cont.

Paper Preprocessing Segmentation Image
Database

Performance
Metrics

Time (s)
Avg/Min/Max

Demyanov et
al., [82] 2016. N/A Deep CNN 211 images

(ISIC database) Accuracy 88% N/A

Lee et al., [54]
2016. CIELab color space

Euclidean distance,
Otsu’s threshold

method, Gradient
vector flow

3 images N/A N/A

Dhane et al.,
[48] 2016.

Color correction,
HSI color space,
noise removal

Spectral clustering,
k-means

105 images
(Personal +
Medetec)

Accuracy
86.73% 149/-/-

Veredas, et al.,
[56] 2015.

CIELUV color
space, k-means

Color histograms
models, Bayes rule 435 images Accuracy

87.77% 0.3214/-/-

Khan et al., [83]
2015.

Median filter,
image

sharpening—high
pass filters

Otsu’s threshold
method, Water
segmentation

N/A N/A N/A

Zhang et al.,
[84] 2015.

Morphological
opening and

closing, grayscale,
noise removal

Canny edge
detection, image

binarization
200 images N/A N/A

C. Wang et al.,
[85] 2015. Cropping CNN—ConvNet

model, SVM

650 images
(NYU Wound

Database)
Accuracy 95% 5/-/-

Kumar and
Reddy [13]

2014.
N/A

Wound Image
Analysis Classifier
(WIAC) algorithm

50 images N/A N/A

Yadav et al.,
[52] 2013.

Color correction,
color

homogenization,
median filter,

YDbDr color space

K-means, Fuzzy
C-means

77 images
(Medetec)

Accuracy
75.23% N/A

5. Tissue Classification

In the wound image analysis process, tissue classification is usually performed after the wound
segmentation process in order to analyze only the tissues on the wound area itself. Therefore, the wound
is the only region of interest to be analyzed in this phase. Tissue separation is required for further
wound analysis, e.g., healing evaluation. Some research like Fauzi et al. [37] do not perform the
segmentation process separately, instead, they conduct it with tissue classification at the same time.
Some other authors like Nizam et al. [86] and Maity et al. [9] assume that the boundary of the wound
is known so they only focus on the tissue classification task.

Calculation of probability map of a pixel belonging to one of the color categories in RYKW color
space based on distance in modified HSV space is the foundation for the separation of tissues by
Ahmad Fauzi et al. [87]. In the used region growing algorithm, the user must select the initial wound
image pixel for the algorithm to grow the region based on that initial properties of the pixel. Basically,
if the distance between some considered pixel’s probability map and the mean probability map of
the region is less than a certain threshold value, that pixel neighbor is added to the growing region.
In their subsequent research, Ahmad Fauzi et al. [68] and Fauzi et al. [37], alongside with region
growing algorithm introduced an optimal thresholding algorithm where the wound was segmented by
thresholding the difference matrix of the probability map while taking into account the pixel’s tissue
type and strength of its probability. Calculation of ground truth agreement between 3 clinicians was
taken into account and the overall accuracy of 75.1% was observed on 80 wound images.

Nizam et al. [86] focused on the tissue classification task assuming the wound boundary is
known. With the fuzzy c-means clustering algorithm, data points are assigned membership value for



Appl. Sci. 2020, 10, 7613 14 of 28

each cluster and with further analysis, the correspondence to specific class, i.e., tissue is evaluated.
An analysis is divided into (i) unsure regions, (ii) sure regions, and (iii) epithelial and granulation tissue.
The method is tested on 600 wound images with accuracy rates of images containing all four tissue
types of 87.6%, 82.4%, 89.3%, and 82.0% for granulation, slough, eschar, epithelial tissues, respectively.

Authors in Maity et al. [9] also focused only on tissue classification task without segmentation of
the wound. Training of deep neural network was performed on 105 features based on color, texture,
statistics entropy, etc. The neural network performed classification on 250 images plus images from
the Medetec database with a very high accuracy rate of 99%. Such accuracy can be explained due to
consideration of only the manually delineated wound region of interest, i.e., no process of wound
segmentation from the surrounding skin and background.

Mukherjee et al. [3] used HSI color space and its S color channel which showed high contrast at
the boundary of the wound and skin. With a fuzzy divergence-based thresholding wound boundary
was delineated. Five color and ten texture features were extracted from 45 color channels resulting in a
total of 675 extracted features from which 50 of them showed to be statistically significant. Supervised
Bayesian classifier and SVM classifier were used to learn and classify the three different tissue types.
The overall accuracy of the Bayesian classifier was 81.15%, whereas the SVM classifier achieved better
accuracy of 86.13%. Methods were tested on 74 wound images from the Medetec database.

Chakraborty et al. [88] established a framework called Tele-Wound Technology Network (TWTN)
for wound analysis and data storage which focused on capturing the wound images with a smartphone
camera to help patients at remote locations to get better treatment promptly. The basic principle is
that the user sends a chronic wound image to Tele-Medical Hub, where it is saved on the server and
further analyzed. Performance analysis was performed on 50 wound images from the Medetec database.
The system uses k-means clustering and fuzzy c-means to segment the image with an accuracy of
93.45% and 96.25% respectively, while tissues were classified with Bayesian classifier with an accuracy
of 87.11%. Inside the system, a medical expert can easily access the patient’s wound data, track the
progress of the wound healing, or even advise the patient to change the wound healing treatment.
Patient clinical information and wound images are linked and globally accessible through a web
application [89]. In similar research by the same authors Chakraborty et al. [90] and Chakraborty [7],
segmentation was based on fuzzy c-means and particle swarm optimization (PSO), respectively,
while tissues were classified in both papers with linear discriminant analysis (LDA). The segmentation
accuracy of fuzzy c-means was 98.98% and PSO 98.93%, while the classification accuracy of LDA in [90]
was 91.45% and in [7] 98%. In most recent research by Chakraborty [11], classification was evaluated
with four different algorithms, LDA with an accuracy rate of 85.67%, decision trees 84.29%, naive Bayes
78.66%, and random forest, which showed a high accuracy rate of 93.75%. In all papers, images from
the Medetec database were taken alongside with captured images of the Indian population.

Another smartphone-based method was presented by L. Wang et al. [55] and furthermore L.
Wang et al. [34] where segmentation was performed with an augmented mean shift algorithm and
classification with a RYKW color model and k-means clustering. In their most recent paper, L. Wang
et al. [46] used a superpixel SVM classifier which was trained in two stages combining color and texture
features. Mean color, color histogram, and wavelet texture feature showed the best for separation
between wound and surrounding skin, while dominant color, color histogram, and bag of words
(BoW) histogram showed the best results for background and foot tissue. On acquired 100 foot ulcer
images average sensitivity was 73.3% and specificity 94.6%. The problem with the mentioned work
is that images can be captured only with a box specialized for this purpose, under controlled light,
and designed only for feet which limits the method’s robustness and general application.

García-Zapirain et al. [33] proposed two different 3D CNN architectures, one for segmentation
(region of interest (ROI) extraction), and one for tissue classification. Each one has different input
images (models) with its own pathways that connect in fully connected layers at the end of the network.
Input images for proposed wound segmentation use HSI and Grayscale color spaces, while for tissue
classification linear combinations of discrete Gaussians (LCDG) image and prior visual appearance
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image are added as separate inputs to the network. The CNN’s were trained and tested on 193 pressure
ulcer images with a DSC of 95% for wound segmentation and 92% for tissue classification. In similar
research by Elmogy et al. [43] RGB image is added as an input to the CNN alongside with prior models
and obtained tissue classification showed DSC accuracy of 92%. In another research by Elmogy et al. [91]
for the purpose of the segmentation, the YCbCr image was added as an input model to the CNN,
and in the classification network, the RGB image was used instead of the HSI image. This architecture
gave DSC of 93% on 100 images obtained from IGURCO GESTON S. L. healthcare services company
and Medetec database. On a database from the same institution, another experiment was carried out in
García-Zapirain et al. [92] where LCDG-pixel-wise probability is estimated from the grayscale image
and the color probability is estimated from the color image with the Euclidean distance. Initial tissue
classification is performed using vector element with the highest probability. DSC segmentation
accuracy of 90.4% was obtained on 24 images with a very high computational time of 4.84 min, which is
not suitable for real-time applications. In another paper by Zahia et al. [41] new approach has been
used based on CNN, where the input image is divided into small sub-images of 5 × 5 which are used as
input for the network. Classification of three different tissue types gave an overall accuracy of 92.01%.
In Garcia-Zapirain et al. [93], the authors developed a mobile application for wound assessment
which used morphological reconstruction to prepare the image for image decomposition that has
been performed by toroidal vertical and horizontal decomposition (TVD and THD). Images were
decomposed in different contrast layers and using the Otsu’s thresholding method, pixels are separated
into two classes. Segmentation of the wound has been tested on 40 images with an average time of
9.04 s.

Navas et al. [60] presented the segmentation process in three stages using the k-means algorithm.
In the first stage, a preliminary segmentation is performed where adjacent pixels with similar color
features are separated in groups, while in the second stage, thresholding strategies are applied,
and preliminary ROI is obtained. The final stage clusters pixels with the k-means algorithm into two
regions, wound region and surrounding skin region, which results with 104 features extracted from
segmented regions. The classification task uses standard MLP neural network, SVM, decision trees,
and naive Bayes classifier specifically trained to classify independently the regions in the estimated
wound (four tissue classes) and the estimated surrounding healing tissue (two tissue classes) areas.
MLP architecture showed the best performance with a tissue separation accuracy rate of 91.9%.
In further research by Veredas et al. [56] wound was segmented using color histograms, and the
probability of belonging to a certain tissue class is calculated with Bayes rule. With a very low runtime
of 0.3214 s method obtained an accuracy rate of 87.77% on 322 wound images. In another research
Veredas et al. [40] compared three different machine learning techniques SVM, NN, and random forest
separately on a wound and surrounding tissue area for classification purposes. On 113 tested images
efficacy scores are very similar, and there is no clear winner. Even so, SVM showed a slightly better
overall accuracy rate of 88.08% but used all 104 extracted features. Furthermore, SVM gave the best
efficacy scores of 92.68% and 87.71% when detecting necrotic and slough tissues, respectively.

In Bhavani and Jiji [78] authors segmented the ulcer contour with region growing algorithm and
the four classes of ulcer wound image parts (severe region, background region, normal wound region,
and skin region) are separated using k-means. Based on extracted color and texture features the image
is classified to aforementioned classes with kNN algorithm. Wound is segmented with an average
accuracy of 94.85% on 1770 wound images. In newer research, Rajathi et al. [12] performed an analysis
of varicose ulcer images. Segmentation was performed with a gradient descent algorithm which
was used by the active contour method, while CNN was used for the actual tissue classification task.
Testing on 1250 wound images achieved an accuracy rate was 99%.

Shenoy et al. [44] used three CNNs with modified VGG16 architecture where results from each
network are joined into a single result matrix for nine classes. The problem with a small database was
overcome through the use of data augmentation and transfer learning. Based on 1335 smartphone
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images they achieved an overall accuracy of 82%, 85%, and 83% for wound separation, granulation,
and fibrin detection, respectively.

Table 2 presents research papers dealing with wound tissue classification which potentially
also included wound segmentation as a preprocessing step. Values presented for accuracy rates
are average or the highest one for specific methods and values for computational times are average,
minimum, or maximum for overall images or specific method that showed the best results. Not all
performance metrics are the same in all the papers and not all values of computational times are
presented in researches.

Table 2. Classification of chronic wounds tissues on digital images (* papers dealing with tissue
classification without wound segmentation, ** papers in which wound segmentation is part of tissue
classification task).

Paper Preprocessing/Segmentation Classification Image Database Performance
Metrics

Time (s)
Avg/Min/Max

Chakraborty [11] 2019.
Median filter, YDbDr color space,

color homogenization, color
correction/Fuzzy C-means

Linear discriminant
analysis, Decision Tree,

Naive Bayesian,
Random forest

153 images
(Personal +
Medetec)

Accuracy DT 84.29%,
LDA 85.67%, NB

78.66%, RF 93.75%
120/-/-

Shenoy et al., [44] **
2019.

Cropping 224 × 224,
CLAHE/CNN—VGG-16 modified

model

CNN—modified
VGG-16 1335 images Accuracy 82% N/A

Rajathi et al., [12] 2019.
Flashlight removal, Grayscale/Active
contour technique, gradient descent

algorithm
CNN 1250 images Accuracy 99.55% N/A

Zhao et al., [65] ** 2019.

Image cropping with the app,
sharpening images, resize, image
augmentation/Bi-CNN—VGG-16

model

Bi-CNN—VGG-16
model 1639 images

Accuracy Wound
depth 84.57%,

Granulation 84.57%
N/A

Pholberdee et al., [94]
** 2018. Image cropping 31 × 31/CNN

CNN, Post- processing:
morphological closing,

dilation

180 images
(Medetec) Precision 56.92% 10/-/-

Patel et al. [95] 2018. HIS color space, noise removal/Gabor
filter K-means 1 image N/A N/A

Vıtor et al., [47] 2018.
Noise removal, HSV color

space/Region growing Watershed
algorithm

CNN—U-Net model 30 images

Accuracy
Segmentation

98.92%,
Classification 96.1%

N/A

Nizam et al., [86] *
2018. N/A

Fuzzy C-means, Unsure,
sure, granulation and

epithelial region analysis
600 images

Accuracy
Granulation 87.6%,

Slough 82.4%, Eschar
89.3%, Epithelial

82.0%

N/A

Maity et al., [9] * 2018. N/A DNN 250 images +
Medetec Accuracy 99.99% N/A

Fauzi et al., [37] **
2018.

HSV color space modified/Region
growing, optimal thresholding

Region growing, optimal
thresholding 80 images Accuracy overall for

both methods 75.1% 1/-/-

Elmogy et al., [43]
2018.

HSV color space, Grayscale, Gaussian
smoothing/3D CNN 3D CNN 193 images

(Medetec) DSC 92% N/A

Elmogy et al., [91]
2018.

RGB, HSV and YCbCr color
spaces/3D CNN 3D CNN

36 images (Igurco),
64 images
(Medetec)

DSC Segmentation
96%, Classification

93%
N/A

García-Zapirain et al.,
[33] 2018.

Gauss noise removal, HSI color
space/3D CNN 3D CNN 193 images

(Medetec)

DSC Segmentation
95%, Classification

92%
N/A

Nejati et al., [45] **
2018.

Image cropping 20 ×
20/DNN—AlexNet model, Principal

component analysis (PCA), SVM

DNN—AlexNet model,
PCA, SVM 350 images 86.4% N/A

Zahia et al., [41] **
2018.

Grayscale, Otsu’s threshold method,
dilation, cropping 5 × 5/CNN CNN 22 images 92% 61/46/83

García-Zapirain et al.,
[92] 2017.

Grayscale/Otsu’s threshold method,
toroidal geometry

Linear combination of
discrete Gaussians

(LCDG)

48 images (Igurco
database) Accuracy 90.4% 290.4/-/-

Chakraborty [7] 2017.
Noise removal, color homogenization,

grayscale/Particle swarm
optimization (PSO)

Linear discriminant
analysis

29 images
(Medline, Medetec)

Accuracy
Segmentation

98.93%,
Classification 98%

10/-/-

Chakraborty et al., [90]
2016.

Color correction, noise removal, color
homogenization, Db channel/Fuzzy

C-means

Linear discriminant
analysis 60 images

Accuracy
Segmentation

98.98%,
Classification 91.45%

N/A
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Table 2. Cont.

Paper Preprocessing/Segmentation Classification Image Database Performance
Metrics

Time (s)
Avg/Min/Max

L. Wang et al., [55]
2016. RYB color model/Mean shift K-means algorithm 32 images MCC value 0.68 6/-/-

L. Wang et al., [34]
2015.

RGB compression 4 times, noise
removal/Mean shift, largest connected

component
K-means 64 images MMC 0.736 15/-/-

Chakraborty et al., [88]
2015.

Color correction, median filter, color
homogenization, YDbDr—Db and Dr

channel/K-means, Fuzzy C-means
Bayesian classifier 50 images

Accuracy Fuzzy
C-means 96.25%,
K-means 93.45%,

Bayesian classifier
87.11%

120/-/-

Veredas et al. [40] 2015. Median filter, color space
transformations/K-means SVM, NN, RF 113 images

Accuracy SVM
88.08%, NN 81.87.%,

RF 87.37%
69.5/-/

Mukherjee et al., [3]
2014.

Noise removal, HIS—H
channel/Fuzzy divergence

thresholding
SVM, Bayesian classifier 74 images

(Medetec)

Accuracy Bayes
classifier 81.15%,

SVM 86.13%
N/A

Navas et al., [60] 2013. Median filter/K-means MLP neural network 113 images Accuracy 86% N/A

6. 3D Wound Reconstruction

Another aspect of wound analysis is reconstructing the wound into a 3D model. The creation of a
precise non-contact wound measurement system often requires the ability to reconstruct the wound
as a 3D model which gives essential data of the severity of the wound [71] and provides the means
for additional wound analysis. With the development of inexpensive RGB-D cameras, 3D modeling
became popular in many fields including telemedicine. Many systems have been developed for wound
assessment like DERMA device [96], wound measurement device (WMD) [97], Eykona [71], MAVIS [24],
MEDical PHOtogrammetric System (MEDPHOS) [98], etc. The problems with the mentioned systems
are high prices and difficulty of use. Recently, a lot of published papers are analyzing images taken by
smartphone cameras due to their prevalence and recent high-quality [46,50,81]. The use of smartphones
worldwide made these methods applicable in rural areas without sufficient medical care. Patients can
save images on servers so medical experts can approach the patient data with images in real-time,
track the patient’s wound changes, advise the patient on healing progress or even change the medical
treatment just by analyzing remotely. For better evaluation and robustness of the smartphone-based
methods different smartphone (camera) models should be evaluated [84].

Filko et al. [99] reconstructed the 3D model in two phases: scene fusion and mesh generation.
Scene fusion is the process where each captured RGB-D frame is integrated into a reconstructed volume.
This phase is separated into two subphases (i) registration, based on the iterative closest point (ICP)
algorithm; and (ii) integration phase based on truncated signed distance function (TSDF). Finally,
with the marching cubes algorithm, the 3D model of a wound and the surrounding skin is constructed. In
their further research by Filko et al. [71], performance of the wound 3D reconstruction and measurement
were tested with three different RGB-D cameras: Orbbec Astra S, PrimeSense Carmine 1.09, and
Microsoft Kinect v2. When comparing the measurement, it was concluded that area measurement
precision is better for the Astra and Carmine cameras while volume measurement showed to be highly
demanding for all three RGB-D cameras. Overall PrimeSense Carmine 1.09 camera demonstrated the
best results in wound analysis because of a better color to depth registration and better response to
glossy surfaces. 3D reconstruction was performed in real-time with a handheld camera, hence accuracy
rates were not very high.

Using an industrial 3D scanner for ground truth acquisition and standard digital camera for
the proposed method, Treuillet et al. [31] obtained the 3D reconstruction from a set of image
features that had been matched between two different views. Epipolar geometry is initialized
with robust sparse matches, then it is iteratively reinforced, and based on triangulation, the 3D model
is reconstructed. The experimental result showed error less than 0.6 mm, i.e., a geometric error of 1.3%.

Wannous et al. [100] classified wounds from different camera angles and mapped on the 3D
wound model with triangulation. Each triangle is labeled according to its tissue’s highest score and
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then the surface of each type of tissue can be computed by summing the triangles belonging to the
same class. Final classification results were better when merging two or more classification images
from different points of view.

7. Wound Measurement and Healing Prediction

Accurate measurements of the wounds are essential in wound analysis as it depicts the severity
of the wound and its lengthy healing process. According to Marsh and Anghel [101], there are
different techniques in wound measurement like manual metric measurement, mathematical models,
manual and digital planimetry, stereophotogrammetry, and digital imaging methods. From changes of
the wound metrics over some period of time the numerical factor of healing prediction can be calculated.

Fauzi et al. [37] placed a white label card with known dimensions beside the wound which was
used as a reference to compute the actual pixel size, i.e., cm per pixel unit in the image. Detection of the
white card on the image was done from the RYKW probability map. The proposed algorithm outputs
three measurements: area, length (major diameter), and width (minor diameter) of the segmented
wound with an accuracy of 75.0%, 87.0%, and 85.0%, respectively.

Gaur et al. [102] showed that depth information is vital for wound measurement and its
healing evaluation. First, the wound was segmented with Sobel operator and morphological operations.
Measurements were calculated with the help of the ruler from which the pixel length is converted
in metric measure. Measurements are performed on wound models with an accuracy of 70%, 80%,
and 85% for depth, area, and volume, respectively, but not on the real wound images because of the
inconvenience of actual wound measurement on the patients.

Other papers like Gholami et al. [64] positioned ruler on pictures to calculate the wound measures
or gauge pin as by Treuillet et al. [31]. Authors like Wannous et al. [100] developed more advanced
techniques and calculated the metrics from the labeled 3D model, which is a mesh of triangles, with the
help of a checkerboard placed near the wound.

Without any physical tool and using the reconstructed 3D model Filko et al. [99] calculated the
perimeter, area, and wound volume. The perimeter was measured as the length of connected points of
the wound boundary, while virtual skin over the wound was used for area and volume measurement.
The area is calculated as the sum of areas of individual triangles in virtual skin mesh while volume
calculation is performed with the maximum unit normal component (MUNC) method and divergence
theorem (DTA).

L. Wang et al. [55] developed an algorithm to calculate the healing score based on raw wound
assessment results such as red, yellow, or black tissue areas. The healing score was compared with the
opinion of three clinicians based on 19 pictures. The agreement between the algorithm healing score
and the clinician healing score is measured with Krippendorff’s alpha coefficients (KAC) and showed
similar healing trends between them.

Table 3 presents research papers dealing with 3D wound reconstruction, wound measurement,
or prediction of wound healing. To perform the aforementioned tasks, wound segmentation and/or
tissue classification must be done prior. Values presented as accuracy rates are average or the highest
one for specific methods and values for computational times are average. Not all performance metrics
are the same in all the papers and not all values of computational times are presented in researches.

Table 3. 3D reconstruction, measurement, and wound healing prediction of chronic wounds on
digital images.

Paper
Preprocessing/
Segmentation/
Classification

3D Reconstruction/Healing
Prediction/Measurement Image Database Performance

Metrics Avg. Time (s)

Barbosa et al.,
[103] 2020. -/Watershed algorithm/-

Structure from motion, nearest
neighbor field (NNF)/-/Marker with

math. model
90 images

3D measurements
average error
images 3.8%

205
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Table 3. Cont.

Paper
Preprocessing/
Segmentation/
Classification

3D Reconstruction/Healing
Prediction/Measurement Image Database Performance

Metrics Avg. Time (s)

Shirley et al.,
[104] 2019.

CIELab color space/Color
thresholding and

clustering/-

Structure from motion/-/Marker with
math. model 3 image sequences

Error length 4.25%,
area 15.33%,

volume 17.46%
N/A

Shi et al., [105]
2019.

Modified HSV color
space/Manually

contoured/Histogram
thresholding

-/Wound healing index
(trend)/Manually measured

119 images of one
wound during

90 days
N/A N/A

Khalil et al.,
[106] 2019.

CLAHE/-/Gradient boosted
trees (GBT) classifier

-/Healing assessment index based on
differences between tissue type in

consecutive images/-

377 images (36
personal + 341
Medetec) + 22

healing image sets

Accuracy tissue
classification 96%,
healing accuracy
95% compared
with a clinical

diagnosis

25

Chang et al.,
[107] 2018.

-/GrabCut algorithm/Mean
shift and random forest

Segmented wound and depth view
with convex hull for surface/Analysis

of thermal, spectral, and chemical
vapor for healing prediction/From

3D model

133 scanning
sessions from 23
enrolled subjects

Measurement
correlation score

for width and
length 0.96, 0.46 for

depth, healing
error 28.57% RF

chemical analysis,
23.75% thermal

analysis

N/A

Fauzi et al., [37]
2018.

HSV color space
modified/Region grow.,
optimal thresh./Region
grow., optimal thresh.

-/-/Math model based on white
labeled card 80 images

Accuracy area 75%,
length 87%, width

85%
1/-/-

Filko et al., [71]
2018.

KNN, HSV color space,
surfels

(superpixels)/Modified
region growing, edge spline

interpolation/-

ICP, TSDF, Marching cubes
algorithm/-/From reconstructed

3D model

Images of Saymour
II wound care

model

Error perimeter
2.0–9.35%
Error area

0.149–20.75%
Error volume

8.0–39.69%

0.477

Dan and Carol
[108] 2017.

YCbCr color space/Otsu’s
threshold method, SVM/- -/-/Comparing ruler with wound

239 images
(dimensions 32

images)

Correlation with
digital planimetry
length 0.85, width

0.81, area 0.82

N/A

Haider et al.,
[53] 2016.

CIELab color space,
erosion/-/K-means

-/Based on the yellow color pixels
measure from Hue (HSV)/- 10 images N/A N/A

Dadkhah et al.,
[2] 2016.

Noise removal/Graph cut
algorithm, region growing

algorithm/-

-/-/Quantification of wound size
(length + width)

9
healing/non-healing

lower extremity
ulcers

N/A N/A

L. Wang et al.,
[55] 2016.

RYB color
model/Mean-shift/K-means

-/Wound healing score math model
based on RYB model/Pixel multiply

with constant
28 images

Comparing healing
consistency KAC
value 0.42 to 0.81

6

Gaur et al.,
[102] 2015.

Noise removal/Sobel
operator, dilation, erosion/-

Registration and fusion/From
depth/Fixed scale with math. model

Synthetic wound
models and 3

images

Accuracy Synthetic
wound model 70%

depth, 80% area,
85% volume

N/A

C. Wang et al.,
[85] 2015.

Cropping/CNN ConvNet
mode, SVM/-

-/Gaussian process regression
(GPR)/Ruler with math. model

650 images, 192
wound sequences

(NYU Wound
Database)

Healing Avg.
MAEarea 3.95% 5

Zhang et al.,
[84] 2015.

Morphological filtering,
grayscale/Canny edge

detection, image
binarization/-

-/-/1 cm2 square reference with math.
model

200 images Average relative
error +/− 1.112% N/A

Banchev [109]
2014.

Filtering of blobs/Gradient
vector flow (GVF)/- -/-/Reference shape with math. model

Artificially created
using a photo

editor

Average Error
11.35 pixel/mm 1

8. Discussion

As previously mentioned, the topic of this paper is to review recent methods for wound analysis
that could lead to development of an end-to-end solution for automatic wound analysis. Such a
solution would be a rather complex system with requirements to automatically detect and segment the
wounds from the background and surrounding healthy tissue. Furthermore, the system should be
able to classify the assortment of tissue types found on the wound surface and in the end produce
measurements, such as wound dimensions, percentage of detected tissues which leads to healing
evaluation, and therapy suggestions. Additionally, the system analysis could also result with the
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detailed 3D reconstruction of the wound which could be used for further analysis and follow-up
comparisons during examinations.

In order to produce good results in wound segmentation and tissue classification stages,
most considered research have some form of input data preprocessing. Input data in this field
of study is usually visual data in the form of wound photographs which are sometimes accompanied
with corresponding depth images as well. Preprocessing usually involves noise removal and
sometimes blurring in order to remove image encoding artefacts, reflections, etc., and therefore
improve segmentation or wound detection phases. Preprocessing also typically involves choosing of
the most appropriate color space. HSV is the traditional choice whose performance has been proven
in numerous fields including wound analysis, with CIE Lab being the second most used. Recently,
some other color spaces such as YCbCr and YDbDr that originate from video transmission encoding
have also been successfully used for wound analysis, and researchers have shown that these color
spaces are particularly suitable for distinguishing between wound and non-wound image areas [8,11].
In case deep neural networks are used, preprocessing usually involves image cropping or image
resizing in order to reduce the image to the size appropriate for the particular deep neural network
architecture [44,65]. Some wound analysis systems also use presegmentation as a preprocessing step
where the input image is divided into a form of superpixels which can be regularized into a grid
or arbitrary shapes by using an algorithm such as a SLIC, MeanShift, QuickShft, etc. By using the
aforementioned algorithms researchers gain a desired number of regions with uniform properties
which they can rapidly analyze and determine their purpose w.r.t wound analysis process.

Separating the wound surface from the background, specifically from the surrounding healthy
tissue can be challenging task especially if the surrounding tissue has recently healed and its surface
color can often resemble that of the wound. If the wound segmentation is conducted on 2D images,
then underlining surface geometry is not available. In that case, segmentation is driven exclusively
by visual features available, color and texture, where color is used more predominantly then texture
because intrinsic property of the wound surface often results in glossy outlook which somewhat
reduces the expressiveness of surface texture properties. By application of previously mentioned
presegmentation algorithms, the main segmentation phase is facilitated by the availability of desired
number of regions which have distinct visual properties. The segmentation procedure is then reduced
to choosing suitable and generating appropriate visual features and descriptors as well as conducting
wound/non-wound classification with some of the numerous machine learning methods available [40].
The exception to this type of pipeline include applications of deep neural networks which are typically
closed form solutions that provide segmented images at the end of its operation [36]. As with other
fields of computer vision, deep neural networks are slowly becoming the predominant choice for
machine learning method in this field. This is evident both in terms of the number of recent research and
in performance [9]. Nevertheless, the main problem for further application of deep neural networks in
this field is the lack of publicly available annotated database. The lack of such a database is somewhat
understandable since the actual annotation should be conducted by medical experts and wound
images could be very complex with multiple tissue types that are intertwined together, resulting in
significant amount of time required for annotating just a single image. Development of robust deep
neural network for general application requires tens of thousands of precisely annotated images which
makes creation of annotated image database in this field a gargantuan task indeed. However, certain
techniques such as data augmentation and transfer learning [44] helps development of useful deep
neural networks even with much smaller databases.

When 3D wound data in the form of a mesh or a point cloud is available, surface geometry
information beside visual information could also be used. By adding that third spatial dimension,
segmentation could be facilitated and made more precise and driven by the local visual and geometric
information at the same time. For now, deep neural network architectures applied in this field does
not use spatial 3D geometry information, but in the future we can be sure that deep neural networks
designed for 3D point clouds such as PointNet++ [110] would be adapted and used in this field.
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Vast majority of research in the field of wound analysis is based on 2D images, which are acceptable
if the considered wound is small and located on a locally flat area. On the other hand, because of
the inherent error of measurement based on 2D images [14], and the propagation of inexpensive 3D
cameras which are now being included in portable devices such as smartphones, it is plausible that
in the future the majority of research will shift into 3D data analysis. Older research used expensive
laser line scanners [96], or multiple view geometry [100] to reconstruct the surface of the wound.
Such applications were often too expensive and impractical to use or were limited by the requirements
or potential noisiness of multiple view geometry approach. Modern 3D cameras are inexpensive and
have reliable measurements which could be used for precise 3D wound reconstruction [71].

Wound tissue classification is extremely important for determining wound condition and therefore
proposing wound therapy. Consequently, there is a lot of research on this topic. The problem by
itself is rather simple, a classification into typically three classes of wound tissues: granulation, fibrin
(or slough), and necrosis. It is generally accepted that the tissue classes roughly correspond to the colors,
red, yellow, and black, but what makes the problem difficult is the imperfections and inconsistency of
recordings, image encoding artefacts, surface reflections etc. Furthermore, the wounds itself can be
very complex where tissues permeate each other in such a way that even a seasoned medical expert
could have trouble in separating them precisely. All those problems make this topic non trivial and
therefore very interesting to research. Similarly, to the wound segmentation problem, wound tissue
classification is basically about determining appropriate visual features typically calculated over an
area and then applying machine learning. Used machine learning methods include almost all of them,
from LDA [11], and PCA [46], to methods like k-means [52], random forest [11], and SVM [40] which
is a sort of a pinnacle of the classical machine learning technique. Recently deep neural networks
have been the focus of the research in this area as well [45]. Wound tissue classification is reliant on
successful wound segmentation phase because it enables the tissue classifier to focus solely on the
wound area and distinguish details and separate tissues only typically found on wounds. Wound
segmentation, on the other hand, requires that the system detects and separates the wound as a whole.
This enables researchers to develop a more profound and complex classifier which potentially would
not give meaningful results or would run too slow if run for example on the whole input image.

Wound evaluation can be based on multiple sources of information as in [107], but is usually
mostly based on wound dimensions (depth, circumference, area, and volume) and amount of presence
of certain tissue types. Therefore, more precise measurements will lead to more precise wound
evaluation, which means that the wound measurement should be relied on 3D cameras as opposed
to regular 2D cameras that have inherent error when imaging curved surfaces [103]. Furthermore,
applying new machine learning techniques developed for 3D data input could result in more precise
wound segmentation and tissue classification.

9. Conclusions

Chronic wounds as wounds that are not healing properly, dramatically affect national healthcare
systems, so the need for quick and precise wound assessment is essential. Even though systems for the
accurate segmentation and tissue classification of wounds exist they are not combined with accurate
wound measurement or healing evaluation. Therefore, not a single system provides all the data needed
for practical implementation in medical centers.

Nevertheless, this overview showed that image analysis can handle wound segmentation and
tissue classification tasks with some success. Therefore, with a combination of different methods,
modifications of color spaces, or algorithms adjustment, some researchers achieved good performance
and can be used for practical medical purposes under certain restrictions.

The impact of any new developed method is measured by its accuracy, speed, and robustness.
The novel method must be applicable for all kinds of wounds, types of skin, detect multiple wounds
on different parts of the body, etc. Furthermore, the acquisition of wound images should be robust
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to uncontrolled lighting conditions and performed without user interference or be independent of
physical accessories such as markers or rulers.

With the development of high pixel smartphone and RGB-D cameras, an increase in computation
power, and with the development of more accurate algorithms, wound image analysis has gradually
taken precedence in the field of wound assessment. Furthermore, due to the improvements in
automated wound analysis and global shortages of medical staff, the advent of artificial intelligence
and robotic system can be foreseen. Moreover, the overall impact of chronic wounds in national
healthcare systems is increasing; hence, the research papers in this field are expanding, and better and
faster results can be expected.

While the future is always uncertain, it is the opinion of the authors that the future development
will see the realization of an AI driven automatic system for wound analysis comprised of robot
manipulator with attached high precision industrial 3D camera and high resolution RGB camera.
Such system would be able to autonomously detect wounds, record them from multiple views and
create precise 3D models of the segmented wound surface. Furthermore, it would classify tissues
on the surface and precisely measure the wound. Based on the data, a therapy would be prescribed
and healing evaluation provided. Based on the available research, development of such a system is
possible today with the right combination of hardware, tools and algorithms.

In the future, wound analysis system should be a part of larger CDSS system where it will perform
all the tasks necessary for wound assessment and, based on its results, CDSS could advise the clinician
in order to provide better and faster wound treatment.
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