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Abstract: Healthcare treatments might benefit from advances in artificial intelligence and technologi-
cal equipment such as smartphones and smartwatches. The presence of cameras in these devices
with increasingly robust and precise pattern recognition techniques can facilitate the estimation
of the wound area and other telemedicine measurements. Currently, telemedicine is vital to the
maintenance of the quality of the treatments remotely. This study proposes a method for measuring
the wound area with mobile devices. The proposed approach relies on a multi-step process consisting
of image capture, conversion to grayscale, blurring, application of a threshold with segmentation,
identification of the wound part, dilation and erosion of the detected wound section, identification of
accurate data related to the image, and measurement of the wound area. The proposed method was
implemented with the OpenCV framework. Thus, it is a solution for healthcare systems by which to
investigate and treat people with skin-related diseases. The proof-of-concept was performed with a
static dataset of camera images on a desktop computer. After we validated the approach’s feasibility,
we implemented the method in a mobile application that allows for communication between patients,
caregivers, and healthcare professionals.

Keywords: wound area measurement; mobile application; segmentation; threshold; image process-
ing techniques

1. Introduction

Digital cameras and cameras embedded in mobile devices increase the quality and
resolution of the images captured [1,2], allowing for powerful solutions for different
areas of human life [3,4]. Currently, the emergence of studies related to healthcare and
technology is increasing, and it is participating in the new era of medicine related to patient
empowerment [5]. Patient empowerment is a concept that gives methods and equipment
at low cost to patients to help them take care of their health in remote contact with their
healthcare professional [6,7].

Several healthcare solutions may be handled with technological equipment, includ-
ing the measurement of a wound area to control its healing evolution, which is vital in
infected and chronic wounds [8]. However, the cost of these solutions is essential to the
widespread acceptance and dispersion of the developed solutions [9]. The use of standard
mobile devices with different cameras allows for less invasive and low-cost solutions [10].
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However, various studies related to wound area measurement with mobile devices have
produced no standard and validated solutions that are available on the market [11,12].
Furthermore, the availability and acceptance of these solutions are difficult to achieve
because they need medical validation and approval by the regulatory entities to be used by
healthcare professionals and hospitals [13,14].

The main reason for this study is the development of a valid and reliable solution
for the measurement of the wound area to reduce the costs in the measurement of the
wound size and the monitoring of the speed of the wound healing [15,16]. Thus, it may be
a factor in other healthcare problems, especially in older adults and people with chronic
diseases [17].

Different computer vision frameworks are also available for mobile devices. However,
this study’s primary purpose consists of developing a method for accurate wound measure-
ment with desktop and mobile devices. The developed method includes different stages,
including image capture, conversion to grayscale, blurring, application of a threshold
with segmentation, identifying the wound part, performing dilation and erosion of the
detected part, identifying accurate data related to the image, and measuring the wound
area. Furthermore, the method was implemented in a mobile application that includes
other functionalities, including storing different pictures, automatic measurement of the
wound area, and contact between patients and healthcare professionals. Furthermore, the
ease of developing these solutions is another advantage due to the growing number of
libraries and frameworks that allow for faster growth. Finally, the size and ease of use are
unique opportunities to build solutions that help healthcare professionals follow-up with
patients and diseases.

The developed method was implemented with the OpenCV framework [18], including
the techniques needed to achieve this study’s primary goal. OpenCV contains multiple
image processing algorithms with scaling invariance, which has been successfully applied
for contour detection and segmentation under variable light conditions [19,20]. These
properties are essential so that the patient can remotely take a photo and send it to the
healthcare professional with all the wound'’s characteristics, making it unnecessary to travel
to a consultation. Furthermore, the method now presents itself as an enormous advantage
since, with the pandemic that the world is experiencing, the gathering of people may be a
factor in the emergence and increase of contagions. The method was developed with the
supervision of healthcare professionals. Other features that will be useful to implement in
the future are related to the color of the wound, which allows for the identification of its
state, and specific problems with the wound analyzed. Furthermore, as the resolution of the
photos is better controlled with a mobile device, the conversions between pixels and metric
units are more accurate with a mobile device. Still, successfully applying such algorithms
in a scalable fashion requires distributed architectures relying on Apache Spark [21].

The remainder of this paper is organized as follows. Section 2 presents an overview
of the state-of-the-art. Section 3 describes the different parts of the method that was
implemented. Section 4 presents the results with the implementation of the desktop
application, and the implementation of the same techniques in a mobile application is
presented in Section 5. Finally, Section 6 discusses the results based on the healthcare
professional’s analysis and concludes this paper.

2. Related Work

Several studies applied the capabilities of mobile devices and related systems, such
as systems that use the paradigm of the IoT, to most different areas, such as mobility and
healthcare. In this article, the authors perform many tasks to identify the structure, the
area, and other features related to the wound. The most critical components approached
in this study are the saturation, the inversion and filtering of saturation values, and the
performance of segmentation with the threshold. Previously, the authors analyzed several
studies to measure the wound area [22]. Therefore, many studies were analyzed to gain
insight into the best approaches to measuring the wound area. Next, they proposed a
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new method based on the literature that contains different stages to measure the wound
area [23]. It is composed of capturing the image, converting the image to grayscale,
applying a threshold to enhance the image’s contrast with Otsu’s thresholding algorithm,
performing segmentation with the threshold, finding the contours of the wound, and
measuring the wound area as the number of pixels.

In [24], the authors conduct a study on detecting a wound on the skin of a human
patient. In the initial stage, the authors use marks to identify the position of an injury on
a patient. Then, the image is converted to grayscale. Next, other features are calculated
and used to develop a method that includes such processes as dimensionality reduction by
finding an orthogonal projection of the high-dimensional data into a lower-dimensional
subspace. Finally, the implementation finishes with median filtering, a threshold to enhance
the image’s contrast with Otsu’s thresholding algorithm, the erosion operation on the
binarized image, and suppression of the structures connected to the image border dilation
operation.

In [25], the authors convert an image using HSV to perform the segmentation of a
wound. Afterward, they extract the saturation space and the color space and implement
two approaches: a threshold and image contrast with Otsu’s thresholding algorithm. In
the end, the authors calculate the number of black pixels to design a plot healing curve.

The authors begin correcting and calibrating the color in 2D images to measure
the wound area. Then, reconstruction and segmentation using computer techniques are
performed. In the end, the design, the area, the number of pixels, and the size of the wounds
are calculated [26]. The tuning of hyper-parameters could be improved by fine-tuning the
adaptive learning rates and label smoothing [27]. This is particularly important in remote
medicine applications where validation is difficult and time consuming [28].

The authors intend to define the toroidal geometry using images of wounds seg-
mented and located in the ulcer region [29]. After that, the image is decomposed using
different contrast levels and the threshold technique, and Otsu’s algorithm is used to detect
the contours of the wound. Other techniques for manipulating an image are grayscale
techniques, linear combinations of discrete Gaussians (LCDG), and minimizing the noise
with a Generalized Gauss—-Markov Random Field (GGMRF) image model calculation of
the area of the wounds.

In [30], the authors began with extracting RGB channels and the blue channel from
images. After that, the conversion from RGB to grayscale was performed. In the end, a
low-pass filter, a threshold, the degree intensity, Otsu’s algorithm, and the support vector
machine were used to classify and identify all the features present in the image of a wound.

The authors intend to calculate and identify many features related to a wound [31].
The authors start with the 3D reconstruction of the image. After that, the authors evaluate
many features, such as the surface and the object, by a dense point cloud. Next, the authors
use histogram equalization using Otsu’s thresholding algorithm. Finally, the authors
measure the induration of a margin.

In [32], the authors used the OpenCV library to identify and calculate a wound area.
The authors used a segmentation and detection algorithm, applied the grabCut algorithm,
found the intensity values of colors with an OpenCV histogram, and implemented the coin
detection algorithm to enhance the wound area’s measurement.

The authors of [33] implemented a scaling method for measuring the wound size by
placing a rectangular box in the image with a mobile device.

In different studies, we have found other methods implemented with a mobile appli-
cation. For example, the authors of [34] allowed for remote wound measurement, tracking,
and diagnosis. They started with the computation of the absolute scale of the wound with
optics equations. However, the pictures must be captured at a distance of 20 cm.
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In [35], the authors implemented a method for measuring the wound area based on
segmentation techniques, the camera distance, the camera angle, and lighting conditions.
First, they cropped the center of the wound and removed unnecessary artifacts. After that,
they extracted the saturation plan of the HSV color model to identify the contour based on
the contrast between regions and applied a Gaussian filter. Finally, they transformed the
image to grayscale, segmented it, designed the outline, and measured the wound area.

To measure a surgical wound’s size, the authors of [36] used the HSV color model to
implement normalization techniques and the SEED algorithm for superpixel segmentation.

The authors of [37] measured the wound area by implementing the Enhance Lo-
cal Contrast (CLAHE) algorithm. First, they performed white balance, anti-glare, and
Contrast-Limited Adaptive Histogram Equalization procedures. Next, the authors used
two algorithms, the level set and snake model algorithms, to perform segmentation.

Other studies have been conducted on wound area measurement [38—41], but the
methods implemented were the same as in the previously described studies. Taken together,
the studies reveal that wound area measurement is an active and vital subject and that
correct measurement is crucial in order to avoid future problems. Furthermore, in 2020, the
challenges associated with the COVID-19 pandemic opened the door to remote work [42,43]
and remote medical consultations, where these measurements are essential.

3. Methodology
3.1. Dataset

To estimate the wound size in various images, as shown in Figure 1, we asked different
authors about the pictures they used for further comparison (see Figure 1b,c). Additionally,
we collected other images from other databases, including Science Photo Library [44] (see
Figure 1a,j) and iStockPhoto [45] (see Figure le-h), and other images previously acquired
by professionals working at the School of Health at the Polytechnic Institute of Castelo
Branco in Portugal (see Figure 1d,i). The used dataset contains images of real-life wounds
that were captured from patients from different countries. The dataset includes ten images
captured using different kinds of devices. The photos have the same resolution and the
same Dots Per Inch (DPI) properties, i.e., 300 dpi.

3.2. Data Processing Steps

Based on the literature on image processing tasks that involve object identification
and segmentation, we identified the key steps that need to be taken for successful wound
size estimation. First, a sequence of techniques was selected to measure the wound area. Of
course, the selection always depends on the quality of the image, including the conditions
of the image’s acquisition, the quality of the camera, and the techniques applied. Figure 2
shows the sequence of methods used to measure the wound area that was proposed in [23].
One additional preprocessing procedure that was performed was the standardization of
the DPI of all images.

The remainder of this section describes the specific image processing steps of the
proposed approach. First, an illustration of these image processing steps and their impact
on the image is shown in Figure 3 in the Results section. Then, the different libraries
used to implement the proposed method in desktop and mobile devices are described in
Section 3.3. Finally, a mobile application with the presented measurements is described in
Section 3.4.
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Figure 1. Example images of wounds. (a)—wound image in a human arm [44]; (b)—wound image in a human trunk;

(¢)— wound image in a human trunk; (d)—wound image in a human foot; (e)— wound image in a human trunk [45]; (f)—
wound image in a human trunk [45]; (g)—wound image in a human arm [45]; (h)—wound image in a human arm [45];
(i)—wound image in a human tail; (j)—wound image in a human leg [44].
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Figure 2. Data processing steps.
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Figure 3. Wound image processing steps. (a)—wound image after conversion to grayscale; (b)—wound image after
blurring; (c)—wound image after application of threshold and segmentation techniques; (d)—wound image after contour
detection; Figure (e)—wound image after dilation of the white region; (f)—wound image after erosion of the white region;
Figure (g)—wound image contours after canny detection; (h)—wound image contours after dilation; (i)—final wound

image.
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3.2.1. Convert the Image to Grayscale

Initially, an image containing a wound was selected in order to start applying the
sequence of proposed techniques. The image’s conversion to grayscale consists of convert-
ing the original colors in the RGB color space to grayscale [46,47] in order to identify the
wound region better. The method must be adapted to desktop and mobile devices, and
the OpenCV framework [18] is already prepared for this purpose. After the conversion to
grayscale, blurring techniques must be applied.

Based on the OpenCV library, Figure 1a was read and decoded into a binary structure.
Next, the function Imgproc.cvtColor was used with the parameter Imgproc. COLOR_BGR2GRAY,
which converts the image to different levels of gray. The results obtained are presented in
Figure 3a.

3.2.2. Blur the Image

Next, for the measurement of the wound, some parts of the image must be ignored.
Thus, as presented in other studies [25,48], the image must be blurred to ignore particular
objects and only detect the wound region. In addition, the method must include the correct
definition of the blur parameters. Finally, after the accurate blurring of the image, we
implement thresholding techniques to perform wound segmentation. The results obtained
are presented in Figure 3b.

3.2.3. Threshold with Segmentation

Sequentially, a threshold with segmentation will binarize the image, transforming the
pixels with high intensity to black and the pixels with a lower intensity to white [25,49].
Thus, this technique will create a binarized image with black and white, where the wound
will be black and the surrounding background will be white. For better identification of the
wound, the related region must be white. Thus, the binary image must be inverted using
the functions available in the OpenCV framework [18]. The results obtained are presented
in Figure 3c. Next, we find contours during the preliminary stage of the identification of
the wound.

3.2.4. Find Contours

Preliminarily, the wound’s contours can be found by identifying the limits between the
different colors present in the binarized image [25,48] using the proper functions available
in the OpenCV framework [18]. The identified contours include those unrelated to a
wound, where the small contours are considered as incorrect contours that are removed
during the next stage.

3.2.5. Remove Small Shapes

Small shapes can be considered to be noise elements, and they must be removed
before the wound area can be correctly measured [50]. It is also possible to use the different
functions available in the OpenCV framework [18]. The results obtained are presented in
Figure 3d. However, some minor contours are close to the wound area and are a part of it.
For this case, the dilation method is needed.

3.2.6. Perform Dilation for Canny Detection

The small shapes found must be merged with the large shape, which is considered to
be a wound. Thus, all of the different shapes are dilated to create an oversized shape. The
results obtained are presented in Figure 3e. Then, as it is not the real wound area, erosion
must be performed.

3.2.7. Perform Erosion for Canny Detection

The measured area must approximate as closely as possible the real wound area. Thus,
erosion must be performed with the same size as used in the dilation process to maintain
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the joint shapes and adjust the size of the large shape. The results obtained are presented
in Figure 3f.

3.2.8. Canny Detection

Next, the contours of the shape in the picture can be correctly detected with the canny
detection method, which is available in the OpenCV framework [18]. After detection is
performed, the contours are defined in the image. The results obtained are presented in
Figure 3g.

3.2.9. Perform Dilation to Find Contours

The dilation method is also applied to merge the small contours in the image to
improve the measurement of the wound area. The results obtained are presented in
Figure 3h. However, to detect the actual wound area, different characteristics of the
original image must be known.

3.2.10. Obtain Image Metadata

The Commons Imaging framework [51], previously called the SanseLan framework,
can obtain different parameters related to the wound image, including the image’s width,
the image’s height, and the dots per inch (DPI) related to the image’s width and the image’s
height. Therefore, it allows us to adapt the measurement of the real wound area using the
different conversions between pixels and centimeters based on the image’s DPL.

3.2.11. Measure the Wound Area

The OpenCV framework [18] includes a method for measuring the area between the
defined contours in Section 3.2.9. However, the wound area’s measurement includes differ-
ent challenges, one of which is the image’s resolution, including the DPL For example, each
picture has its width and height defined in pixels and retrieved by the Commons Imaging
framework [51]. However, the healthcare professional needs to measure these values in
metric units, such as centimeters, to control the healing evolution. Furthermore, the images
can be taken with different cameras at different resolutions. Thus, the implemented method
needs to consider Equation (1), and, based on the image’s metadata, the width and height
values must be converted to centimeters.

valuecy = valuepx x (2.54 + DPI) 1)

Based on the conversion of the total width and the total height of the image to
centimeters, the total area of the image can be obtained. It must be done with the values
in centimeters and the values in pixels. This value can be converted by comparing the
different areas previously measured with the retrieved wound area. Thus, the wound area
is measured and defined as in Figure 3i.

3.3. Evaluation Criteria

Considering the dataset used, we asked different authors about the correct size of the
images. Unfortunately, they only answered with the correct DPI values for the images,
confirming that the correct value is 300 dpi for all images. Thus, considering the high
capabilities of desktop computers compared with mobile devices, the desktop computer’s
measured value was regarded as a baseline for the comparison with the mobile application
when applying cross-validation techniques and measuring the mean absolute error (MAE).

3.4. Mobile Application

The second part of this study consists of creating a mobile application that includes the
developed method for measuring the wound area. This mobile application was developed
with three types of users in mind: patients, caregivers, and healthcare professionals.
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If the logged-in user is a patient, the mobile application allows the user to change their
personal data, take a picture of a wound using the camera, obtain a picture of a wound
from the gallery, and check the list of uploaded images.

If the logged-in user is a caregiver, the mobile application allows the user to change
their personal data and see the list of patients. The caregiver can select a patient and
perform the same actions as the patient, such as change the patient’s data, take a picture
using the camera, obtain from the gallery a picture of a wound, and check the list of
uploaded images of the selected patient.

If the logged-in user is a healthcare professional, the mobile application allows the user
to change their personal data and see the list of patients. However, when the healthcare
professional selects a patient in the list, the doctor will change the patient’s data and see
the selected patient’s pictures. In addition, the healthcare professional can choose a specific
photo, and, after that, the healthcare professional can delete an image used to analyze a
wound with the previously presented method. In the end, an estimation of the wound area
is returned to the healthcare professional. Finally, the mobile application allows for the
communication of the results to the patient.

4. Results

The algorithm presented in this study consists of an experimental algorithm that
uses the OpenCV framework and other image processing techniques that measure the
wound area over time to check for possible pathologies associated with the development
of skin-related diseases. First, the image is passed through to the Java-developed program,
which runs with the NetBeans IDE. The method has the following steps (based on Section 3
and Figure 2) and is illustrated in Figure 3.

4.1. Convert the Image to Grayscale

Based on the OpenCYV library, the image shown in Figure 2 was read and decoded
into a binary structure. Next, the function Imgproc.cotColor was used with the parameter
Imgproc. COLOR_BGR2GRAY, which converts the image to different levels of gray. The
results obtained are presented in Figure 3a.

4.2. Blur the Image

Next, the function Imgproc.blur was applied to the image shown in Figure 3 to smooth
the image, which has a grid size of 19 x 19. The results obtained are presented in Figure 3b.

4.3. Apply the Threshold with Segmentation

Next, Otsu’s algorithm is applied. For this process, the function Imgproc.threshold con-
verts the image into only white and black colors with the parameter Imgproc. THRESH_OTSU.
After that, the colors of the image were inverted with Core.bitwise_not, resulting in a wound
region with a white color and a black background as presented in Figure 3c.

4.4. Find Contours and Remove Small Shapes

The primary objective of this method is to detect the contours of the wound using
the color contrast, which allows us to differentiate the area of the image where the wound
is located. This operation is done with the function Imgproc.findContours, which fills a
structure with contours, where the close shapes are searched for with the parameter
Imgproc. CHAIN_APPROX_SIMPLE and the mode Imgproc. RETR_LIST, which allows us to
detect all contours, including the inner and outer circumference contours; however, the
detected contours do not establish the level. After detecting the different shapes, their areas
were measured with the function Imgproc.contourArea, and those outlines with an area less
than a defined value were removed. Finally, the final image was defined with the remaining
objects of the contours in black on a white background. The function Imgproc.circle was used
to fill the small regions of the area with the parameter Core. FILLED. The result obtained is
presented in Figure 3d.
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4.5. Perform Dilation

Once the contours of the image were found, small regions between the different shapes
were avoided. However, these regions are a part of the wound area. Thus, the function
Imgproc.dilate was applied with an ellipsis size of 11 x 11 in the white area. The result is
shown in Figure 3e.

4.6. Perform Erosion

Once the image is dilated, the region of the wound will be highlighted. Next, to recon-
struct the wound, the white part of the image was eroded using the function Imgproc.erode
with an ellipsis size of 11 x 11. The result is shown in Figure 3f.

4.7. Canny Detection

Once the image is eroded, the region of the wound is expected to be represented. The
canny detection method was applied to design one picture only with the contours of the
wound as presented in Figure 3g.

4.8. Perform Dilation of the Contours

Once the contours are defined, the different regions of the wound can be identified.
Next, the dilation of the shapes was performed for the correct measurement of the inside
area as presented in Figure 3h.

4.9. Find Contours, Obtain Image Metadata, and Measure the Wound Area

Once the dilated contours are defined, the function Imgproc.findContours was ap-
plied to search for the close elements using Imgproc. CHAIN_APPROX_SIMPLE and the
Imgproc. RETR_LIST mode, which allows us to detect all contours, including inner circum-
ference and outer shape contours. After the detection of all contours, the outlines that were
smaller than 50 were discarded. Thus, the final joint contours are shown in Figure 3i.

4.10. Measurement of the Wound Area

Using the contours on the final processed image (see Figure 3i), the average of all
contours was calculated to exclude the small shapes below the average. In addition, the
function Imgproc.contourArea was applied to sum the size of the areas of the large outlines
in pixels, resulting in 54,746.5 px. Next, the image metadata were retrieved for the correct
measurement of the wound area, including the resolution of the image in DPI and the
width and height of the picture. Based on Figure 3i, the values obtained are presented in
Table 1.

Table 1. Image metadata.

Parameters Values
Physical Width (DPT) 300
Physical Height (DPI) 300

Width (px) 1024

Height (px) 706

Total area (px) 749,772

The image metadata will be used to convert the measured area in pixels to a metric
unit. Equation (1) was applied to convert the width and height values presented in Table 1
from pixels to centimeters, where value., represents the converted values in centimeters,
and valuepy represents the values in pixels. The converted values and areas in cm? are

presented in Table 2, which shows that the equivalent wound area in cm? is 3.9254 cm?.
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Table 2. Final measured values.

Parameters Values
Width (px) 1024
Height (px) 706
Width (cm?) 8.99
Height (cm?) 5.98
Total area (px) 749,772
Total area (cm?) 53.7602
Wound area (px) 54,746.5
Wound area (cm?) 3.9254

4.11. Summary of the Analysis of the Dataset with the Desktop Application

Based on the implementation of the methods presented in Sections 4.1-4.10 for Figure 1a,
the same techniques were implemented for Figure 1b—j. The results are shown in Table 3.

Table 3. Wound area measured by a desktop application.

Figure Wound Area Measured by Desktop Application (cm?)
la 3.92
1b 8.56
1c 7.52
1d 4.98
le 3.50
1f 7.07
1g 6.81
1h 1.74
1i 4.58
1j 227

5. Mobile Application
5.1. Description of the Functionalities

Regarding the results presented in Section 4, a mobile application was developed to
promote the measurement of the wound area. It is vital to exploit the use of telemedicine
and to promote remote contact between patients and healthcare professionals.

As presented in Section 3.2, the mobile application considers three types of users with
different functionalities. All users have the option to sign in (Figure 4) and sign up with
varying levels of access (Figure 5) to the mobile application.

=

Email

Password

Figure 4. Sign In.
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I Y S
Register Patient Register Doctor
Register Caregiver

Name Name
Name
Registration Email —
Email
Phone Number Phone Number

SNS | Professional Number

LJE

Figure 5. Sign Up. (a) shows the registration menu that allows for the registration of a patient in (b), the registration of a
doctor in (c), and the registration of a caregiver in (d).

(9 (d)

Now, each type of user has particular actions available to them. Firstly, a patient can
access a menu with four options (Figure 6): update your data (with a similar interface

to that for registration); take a photo; select a picture from the gallery; and check the
uploaded images.

Menu Patient

=

Figure 6. Patient’s Menu.

Next, a caregiver can access a menu with two options (Figure 7): update your data
(with a similar interface to that for registration); and list patients. The list of patients allows
the caregiver to access a contextualized menu identical to that shown in Figure 6.
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Menu Caregiver

Figure 7. Caregiver’s Menu.

Finally, a healthcare professional can access a menu with two options (Figure 8a):
update your data (with a similar interface to that for registration); and list patients. The list
of patients allows the healthcare professional to edit patient data and, based on the image
list, can access the interface for a specific image and perform different actions, including
‘delete this image” and ‘analyze this image’, as presented in Figure 8b. Figure 8c shows the
results of the wound analysis, the final image with the contours filled that is equivalent to
Figure 3i, and that the measured wound area equals 2.70 cm?. Additionally, the healthcare
professional can contact patients directly to inform them about their wound’s evolution.

Patient's wound

Image analysis

Menu Doctor

(@) (b) (©)

Figure 8. Doctor’s actions. (a) shows the doctor’s menu. (b) shows the details of a selected image in the list. (c) shows the

results of the wound analysis.
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5.2. Summary of the Analysis of the Dataset with the Mobile Application

Based on the implementation of the mobile application presented in Section 4.1 for
Figure 1a, it was also implemented for Figure 1b—j. The results are shown in Table 4.

Table 4. Wound area measured by the mobile application.

Figure Wound Area Measured by a Mobile Application (cm?)
la 2.70
1b 6.50
1lc 6.69
1d 2.52
le 2.06
1f 5.95
1g 291
1h 0.83
1i 3.20
1j 1.16

6. Discussion

The measurement of the real wound area is not easy to perform because it requires
us to consider the quality of the image, the total number of pixels in the picture, and
the number of pixels that is to be considered a wound, and the method must be able to
convert the values to metric units. Sometimes, uploading an image to a mobile application
or sending it by other electronic methods causes a loss of some of the image’s metadata.
Thus, the wound area cannot be correctly measured because the quality of the image or
the DPI does not allow the method to obtain the real area. Moreover, another problem
is the distance between the camera and the wound surface. Proximity sensors have low
accuracy with respect to the detection of the distance between the surface and the camera.
Additionally, the distance was not considered when measuring the wound area in order to
allow the method to be implemented in desktop devices.

Based on a comparison of the measurement of the wound areas by the desktop
application (see Table 3) and the mobile application (see Table 4), the differences in the
areas are presented in Table 5. The mean absolute error (MAE) was calculated based on
these values and equals 34.7%.

Table 5. Comparison of the wound area measured by the different platforms.

Wound Area Measured Wound Area Measured

Figure by a Desktop by a Mobile Application Difference (cm?)
Application (cm?) (cm?)
la 3.92 2.70 —1.22 (=31.1%)
1b 8.56 6.50 —2.06 (—24.0%)
1c 7.52 6.69 —0.83 (—11.0%)
1d 4.98 2.52 —2.46 (—49.4%)
le 3.50 2.06 —1.44 (—41.1%)
1f 7.07 5.95 —1.12 (—15.8%)
1g 6.81 291 —3.90 (—57.3%)
1h 1.74 0.83 —0.91 (—52.3%)
1i 4.58 3.20 —1.38 (—30.1%)
1 227 1.16 —1.11 (—48.9%)

Based on the MAE, the adjusted values of the wound area measured using the method
implemented in the mobile application are presented in Table 6. Based on the reported
values, the MAE was calculated and equals 21.5%. Additionally, it was proved that higher
MAE values are related to more than one wound zone (see Figure 1c,f), more elements or
unrelated zones (see Figure 1d,g,j), and wounds in the late healing stage (see Figure 1h).
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Furthermore, the MAE is also related to the luminosity of the images and the resolution of
the photos. However, for those pictures that have reliable quality, the MAE is, on average,
4.4%.

Table 6. Adjusted wound area measured by a mobile application and the final errors reported.

Adjusted Wound Area Measured by a

Figure Mobile Application (cm?) Difference (cm?)
la 3.64 —0.28 (—7.1%)
1b 8.76 +0.20 (+2.3%)
1c 9.01 +1.49 (+19.8%)
1d 3.39 —1.59 (=31.9%)
le 3.42 —0.08 (—2.3%)
1f 8.01 +0.94 (+13.3%)
1g 3.92 —2.98 (—43.8%)
1h 1.12 —0.62 (—35.6%)
1i 431 —0.27 (—=5.9%)
1j 1.56 —0.71 (—=31.3%)

Regarding the images used for the testing of the algorithm, we found some problems
related to luminosity and the presence of other artifacts. These are the two significant
problems associated with implementing the algorithm that were found in other studies [35].
However, in some cases, we reported an error without calibration marks that was lower
than that of the method implemented in [24].

The methods presented by the authors of [29,30,36,38] need high processing power
and cannot be implemented in mobile devices. They provide only theoretical studies that
do not provide contact between patients and healthcare professionals.

The most similar studies to our work found in the literature are [25,26,31,33]. However,
we have made it possible for three types of users to use the mobile application and for
patients to provide feedback to healthcare professionals. Similarly, the mobile application
presented by Wu et al. [32] does not allow for contact between patients and healthcare
professionals; however, they studied the use of calibration marks. Yee et al. [34] enable
communication between healthcare professionals and patients, but they acquire video that
may have some network constraints in rural areas. Sequentially, the authors of [39-41]
require more complex conditions for the image’s acquisition with the mobile application
and a specific device is required. Finally, Huang et al. [37] implement a method in a mobile
device that does not allow for contact between healthcare professionals and patients and
they use an outdated platform, i.e., a Windows phone.

Regarding the different constraints presented in the literature, our mobile application
allows for monitoring by healthcare professionals and contact with their patients. However,
it is only a prototype that remains in the process of being tested and validated by our team
of healthcare professionals and may become available on the market in the coming months.
The results provided by our app are exciting, but problems related to the distance between
the camera and the mobile device remain in the process of being solved.

Based on the studies analyzed, using a mobile device is more practical, and most of
the recent studies use a mobile device. Nursing and healthcare professionals urgently need
to monitor their patients during the COVID-19 pandemic.

Most of the images used in the different studies were not made available for testing
and comparison with the results of other authors. However, we asked various authors
to share multiple photos for further testing, but we received no answer. Therefore, we
consider that the areas retrieved using the pictures included in our tests provided realistic
values.

The developed mobile application facilitates more accessible communication between
healthcare professionals and patients. However, we also consider that there may be patients
without the capacity to use a mobile device. Therefore, a caregiver can be authorized to
capture and upload the images on behalf of the patient.
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Regarding the studies analyzed, only 29% of them included collaboration with medical
professionals to develop and validate the proposed method. Wounds are always different,
and their treatment will not always be the same because it depends on each person. In
medical science, it is difficult to develop intelligent methods without the supervision of
healthcare professionals. However, it is currently difficult to measure the evolution of the
healing of a wound, and the developed mobile application allows for the monitoring of the
treatment remotely. Other healthcare professionals and nursing professionals who were
not a part of the team were contacted to evaluate the mobile application’s performance.
They said that it would be helpful for the community and that it facilitated their work.

An important consideration when estimating the wound size in an image is related
to the DPI of the image. Some libraries may, in some cases, incorrectly infer the DPI of a
particular image and, consequently, produce a very incorrect wound size, even though the
contour of the wound was very accurately identified. Therefore, a mandatory preprocessing
step is to standardize the DPI of all images and ensure that the subsequent processing steps
shown in Figure 2 use the correct DPL

One limitation of the approach is that the image must always be captured with the
same distance between the mobile device and the patient. Even though this is a limiting
factor, it could be improved in the future. One idea is to place an object with a constant
size (e.g., a coin) in the frame next to the wound to serve as a reference. This would help
the method to identify the wound’s scale with respect to the object with a constant size.
Another idea is to use a constant distance from the lens to the wound, again with an object
with a consistent size. For example, a book with a standard cover size (e.g., an A5 book’s
cover size is 210 x 148 mm) could be used as a measuring device or as a tripod on which
the mobile device is to be placed to take a picture of the wound.

7. Conclusions

This paper shows the implementation of a method for measuring a wound area using
different image processing techniques. The developed method was tested with images
from medical databases and other pictures retrieved from local healthcare centers. The
conditions under which the images were taken and the quality of the digital cameras and
built-in mobile device cameras were found to influence the results.

Based on the case study presented in Sections 4 and 5, the method implemented in a
desktop machine retrieved a higher error value for the wound area than the same method
implemented in a mobile device. Therefore, it is expected that the mobile device will
provide a more reliable estimation of the area because it identifies and discards a zone in a
later healing stage.

In future work, the method must be tested with more images. Furthermore, notifica-
tions must be added to the mobile application in order to notify the healthcare professional
when the patient has uploaded a new photo or a caregiver has uploaded an image related
to a specific patient. In addition, the relationship between the patient, the caregiver, and
the healthcare professional must be added. The mobile application should be tested further
with medical healthcare professionals in real cases to improve its usability.

Author Contributions: Conceptualization, LM.P. and M.C.; methodology, EF., IM.P,, M.C., and V.P;
software, FF,; validation, LM.P, M.C., M.V.V,, and N.M.G,; investigation, FF.,, LM.P, V.P,, and M.C.;
writing—original draft preparation, EF, LM.P, M.C., VP, and M.V.V,; writing—review and editing,
IM.P,M.C, MVV, NMG,EZ,IC,PL., V.T.,, and M.M,; supervision, LM.P. and M.C.; funding
acquisition, LM.P., M.C., and N.M.G. All authors have read and agreed to the published version of
the manuscript.

Funding: This work was funded by FCT/MEC through national funds and, where applicable, co-
funded by the FEDER-PT2020 partnership agreement under the project UIDB/50008/2020. (Este
trabalho ¢ financiado pela FCT/MEC através de fundos nacionais e cofinanciado pelo FEDER, no dmbito do
Acordo de Parceria PT2020 no dmbito do projeto UIDB/50008/2020). This article is based on work from
European Cooperation in Science and Technology (COST) Action IC1303-AAPELE—Architectures,
Algorithms, and Protocols for Enhanced Living Environments and COST Action CA16226-SHELD-



Sensors 2021, 21, 5762 17 of 19

ON—Indoor living space improvement: Smart Habitat for the Elderly. COST is a funding agency
for research and innovation networks. Our Actions help connect research initiatives across Europe
and enable scientists to grow their ideas by sharing them with their peers. COST helps to boost
their research, career, and innovation. More information can be found at www.cost.eu (accessed on
14 August 2021).

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.
Data Availability Statement: Not applicable.

Acknowledgments: This work is funded by FCT/MEC through national funds and, where applicable,
co-funded by the FEDER-PT2020 partnership agreement under the project UIDB/50008/2020. (Este
trabalho é financiado pela FCT/MEC através de fundos nacionais e cofinanciado pelo FEDER, no dmbito do
Acordo de Parceria PT2020 no dmbito do projeto UIDB/50008/2020). This article is based upon work from
European Cooperation in Science and Technology (COST) Action IC1303-AAPELE—Architectures,
Algorithms, and Protocols for Enhanced Living Environments and COST Action CA16226-SHELD-
ON—Indoor living space improvement: Smart Habitat for the Elderly. COST is a funding agency
for research and innovation networks. Our Actions help connect research initiatives across Europe
and enable scientists to grow their ideas by sharing them with their peers. COST helps to boost
their research, career, and innovation. More information can be found at www.cost.eu (accessed on
14 August 2021).

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Morikawa, C.; Kobayashi, M.; Satoh, M.; Kuroda, Y.; Inomata, T.; Matsuo, H.; Miura, T.; Hilaga, M. Image and Video Processing
on Mobile Devices: A Survey. Vis. Comput. 2021, 1-19. [CrossRef]

2. Cheng, M.; Ma, Z; Asif, S.; Xu, Y,; Liu, H.; Bao, W.; Sun, J. A Dual Camera System for High Spatiotemporal Resolution Video
Acquisition. arXiv 2020, arXiv:1909.13051v2. [CrossRef]

3. Lucas, Y.; Niri, R.; Treuillet, S.; Douzi, H.; Castaneda, B. Wound Size Imaging: Ready for Smart Assessment and Monitoring. Adv.
Wound Care 2020, 10, 641-661. [CrossRef] [PubMed]

4. Moreira, D.; Alves, P.; Veiga, F.; Rosado, L.; Vasconcelos, M.].M. Automated Mobile Image Acquisition of Macroscopic Dermato-
logical Lesions. In Proceedings of the HEALTHINF 2021, 14th International Conference on Health Informatics, Online Streaming,
11-13 February 2021; pp. 122-132.

5. ElKefi, S.; Asan, O. How Technology Impacts Communication between Cancer Patients and Their Health Care Providers: A
Systematic Literature Review. Int. . Med. Inf. 2021, 149, 104430. [CrossRef]

6.  Erikainen, S.; Pickersgill, M.; Cunningham-Burley, S.; Chan, S. Patienthood and Participation in the Digital Era. Digit. Health 2019,
5,2055207619845546. [CrossRef] [PubMed]

7. Seyhan, A.A.; Carini, C. Are Innovation and New Technologies in Precision Medicine Paving a New Era in Patients Centric Care?
J. Transl. Med. 2019, 17, 114. [CrossRef]

8.  Pervez, F; Qadir, ].; Khalil, M.; Yaqoob, T.; Ashraf, U.; Younis, S. Wireless Technologies for Emergency Response: A Comprehensive
Review and Some Guidelines. IEEE Access 2018, 6, 71814-71838. [CrossRef]

9.  Alrahbi, D.A.; Khan, M.; Gupta, S.; Modgil, S.; Jabbour, C.J.C. Challenges for Developing Health-Care Knowledge in the Digital
Age. ]. Knowl. Manag. 2020. [CrossRef]

10. Majumder, S.; Deen, M.]. Smartphone Sensors for Health Monitoring and Diagnosis. Sensors 2019, 19, 2164. [CrossRef] [PubMed]

11. Byrom, B.; McCarthy, M.; Schueler, P.; Muehlhausen, W. Brain Monitoring Devices in Neuroscience Clinical Research: The
Potential of Remote Monitoring Using Sensors, Wearables, and Mobile Devices. Clin. Pharmacol. Ther. 2018, 104, 59-71. [CrossRef]

12.  Ruggeri, M.; Bianchi, E.; Rossi, S.; Vigani, B.; Bonferoni, M.C.; Caramella, C.; Sandri, G.; Ferrari, F. Nanotechnology-Based Medical
Devices for the Treatment of Chronic Skin Lesions: From Research to the Clinic. Pharmaceutics 2020, 12, 815. [CrossRef]

13. Benjamens, S.; Dhunnoo, P.; Mesko, B. The State of Artificial Intelligence-Based FDA-Approved Medical Devices and Algorithms:
An Online Database. NPJ Digit. Med. 2020, 3, 118. [CrossRef] [PubMed]

14. Guo, C.; Ashrafian, H.; Ghafur, S.; Fontana, G.; Gardner, C.; Prime, M. Challenges for the Evaluation of Digital Health Solutions—A
Call for Innovative Evidence Generation Approaches. NPJ Digit. Med. 2020, 3, 110. [CrossRef] [PubMed]

15. Porter, M.E.; Teisberg, E.O. How Physicians Can Change the Future of Health Care. JAMA 2007, 297, 1103-1111. [CrossRef]
[PubMed]

16. Fonder, M.A.; Lazarus, G.S.; Cowan, D.A.; Aronson-Cook, B.; Kohli, A.R.; Mamelak, A J. Treating the Chronic Wound: A Practical
Approach to the Care of Nonhealing Wounds and Wound Care Dressings. J. Am. Acad. Dermatol. 2008, 58, 185-206. [CrossRef]

17.  Stefanopoulos, PK.; Pinialidis, D.E.; Hadjigeorgiou, G.E,; Filippakis, K.N. Wound Ballistics 101: The Mechanisms of Soft Tissue

Wounding by Bullets. Eur. J. Trauma Emerg. Surg. 2017, 43, 579-586. [CrossRef]


www.cost.eu
www.cost.eu
http://doi.org/10.1007/s00371-021-02200-8
http://doi.org/10.1109/TPAMI.2020.2983371
http://doi.org/10.1089/wound.2018.0937
http://www.ncbi.nlm.nih.gov/pubmed/32320356
http://doi.org/10.1016/j.ijmedinf.2021.104430
http://doi.org/10.1177/2055207619845546
http://www.ncbi.nlm.nih.gov/pubmed/31041112
http://doi.org/10.1186/s12967-019-1864-9
http://doi.org/10.1109/ACCESS.2018.2878898
http://doi.org/10.1108/JKM-03-2020-0224
http://doi.org/10.3390/s19092164
http://www.ncbi.nlm.nih.gov/pubmed/31075985
http://doi.org/10.1002/cpt.1077
http://doi.org/10.3390/pharmaceutics12090815
http://doi.org/10.1038/s41746-020-00324-0
http://www.ncbi.nlm.nih.gov/pubmed/32984550
http://doi.org/10.1038/s41746-020-00314-2
http://www.ncbi.nlm.nih.gov/pubmed/34446821
http://doi.org/10.1001/jama.297.10.1103
http://www.ncbi.nlm.nih.gov/pubmed/17356031
http://doi.org/10.1016/j.jaad.2007.08.048
http://doi.org/10.1007/s00068-015-0581-1

Sensors 2021, 21, 5762 18 of 19

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

Kapur, S.; Thakkar, N. Mastering OpenCV Android Application Programming Master the Art of Implementing Computer Vision Algorithms
on Android Platforms to Build Robust and Efficient Applications; Packt Publishing: Birmingham, UK, 2015; ISBN 978-1-78398-821-1.
Lameski, P.; Zdravevski, E.; Trajkovik, V.; Kulakov, A. Weed Detection Dataset with RGB Images Taken Under Variable Light
Conditions. In ICT Innovations 2017; Communications in Computer and Information Science; Trajanov, D., Bakeva, V., Eds.;
Springer: Cham, Switzerland, 2017; Volume 778, pp. 112-119, ISBN 978-3-319-67596-1.

Liu, X.; Song, L.; Liu, S.; Zhang, Y. A Review of Deep-Learning-Based Medical Image Segmentation Methods. Sustainability 2021,
13, 1224. [CrossRef]

Zdravevski, E.; Lameski, P.; Apanowicz, C.; Slgzak, D. From Big Data to Business Analytics: The Case Study of Churn Prediction.
Appl. Soft Comput. 2020, 90, 106164. [CrossRef]

Ferreira, F; Pires, LM.; Costa, M.; Ponciano, V.; Garcia, N.M.; Zdravevski, E.; Chorbeyv, I.; Mihajlov, M. A Systematic Investigation
of Models for Color Image Processing in Wound Size Estimation. Computers 2021, 10, 43. [CrossRef]

Ferreira, F; Pires, LM.; Ponciano, V.; Costa, M.; Garcia, N.M. Approach for the Wound Area Measurement with Mobile Devices. In
Proceedings of the 2021 IEEE International IOT, Electronics and Mechatronics Conference (IEMTRONICS), Toronto, ON, Canada,
21-24 April 2021; pp. 1-4.

Bulan, O. Improved Wheal Detection from Skin Prick Test Images. In Proceedings of the Image Processing: Machine Vision
Applications VII 2014, San Francisco, CA, USA, 3—4 February 2014; p. 90240].

Gupta, A. Real Time Wound Segmentation/Management Using Image Processing on Handheld Devices. J. Comput. Methods Sci.
Eng. 2017, 17, 321-329. [CrossRef]

Sirazitdinova, E.; Deserno, T.M. System Design for 3D Wound Imaging Using Low-Cost Mobile Devices. In Proceedings of the
Medical Imaging 2017: Imaging Informatics for Healthcare, Research, and Applications 2017, Orlando, FL, USA, 15-16 February
2017; p. 1013810.

Petrovska, B.; Atanasova-Pacemska, T.; Corizzo, R.; Mignone, P.; Lameski, P.; Zdravevski, E. Aerial Scene Classification through
Fine-Tuning with Adaptive Learning Rates and Label Smoothing. Appl. Sci. 2020, 10, 5792. [CrossRef]

Liu, S.; Wang, S.; Liu, X.; Gandomi, A.H.; Daneshmand, M.; Muhammad, K.; De Albuquerque, V.H.C. Human Memory Update
Strategy: A Multi-Layer Template Update Mechanism for Remote Visual Monitoring. IEEE Trans. Multimed. 2021, 23, 2188-2198.
[CrossRef]

Garcia-Zapirain, B.; Shalaby, A.; El-Baz, A.; ElImaghraby, A. Automated Framework for Accurate Segmentation of Pressure Ulcer
Images. Comput. Biol. Med. 2017, 90, 137-145. [CrossRef] [PubMed]

Satheesha, T.Y.; Satyanarayana, D.; Giri Prasad, M.N. Early Detection of Melanoma Using Color and Shape Geometry Feature. J.
Biomed. Eng. Med. Imaging 2015, 2, 33—45. [CrossRef]

Naraghi, S.; Mutsvangwa, T.; Goliath, R.; Rangaka, M.X.; Douglas, T.S. Mobile Phone-Based Evaluation of Latent Tuberculosis
Infection: Proof of Concept for an Integrated Image Capture and Analysis System. Comput. Biol. Med. 2018, 98, 76-84. [CrossRef]
[PubMed]

Wu, W.; Yong, K.Y.W.; Federico, M.A.J.; Gan, S.K.-E. The APD Skin Monitoring App for Wound Monitoring: Image Processing,
Area Plot, and Colour Histogram. Sci. Phone Apps Mob. Device 2019, 5, 3. [CrossRef]

Tang, M.; Gary, K.; Guler, O.; Cheng, P. A Lightweight App Distribution Strategy to Generate Interest in Complex Commercial
Apps: Case Study of an Automated Wound Measurement System. In Proceedings of the 50th Hawaii International Conference on
System Sciences, Hilton Waikoloa Village, HI, USA, 4-7 January 2017.

Yee, A.; Patel, M.,; Wu, E.; Yi, S;; Marti, G.; Harmon, ]J. IDr: An Intelligent Digital Ruler App for Remote Wound Assessment.
In Proceedings of the 2016 IEEE First International Conference on Connected Health: Applications, Systems and Engineering
Technologies (CHASE), Washington, DC, USA, 26-29 June 2016; pp. 380-381.

Hettiarachchi, N.D.]J.; Mahindaratne, R.B.H.; Mendis, G.D.C.; Nanayakkara, H.T.; Nanayakkara, N.D. Mobile Based Wound
Measurement. In Proceedings of the 2013 IEEE Point-of-Care Healthcare Technologies (PHT), Bangalore, India, 16-18 January
2013; pp. 298-301.

Chen, Y.-W,; Hsu, ].-T.; Hung, C.-C.; Wu, J.-M.; Lai, F,; Kuo, S.-Y. Surgical Wounds Assessment System for Self-Care. IEEE Trans.
Syst. Man Cybern. Syst. 2019, 50, 5076-5091. [CrossRef]

Huang, C.-H,; Jhan, S.-D.; Lin, C.-H.; Liu, W.-M. Automatic Size Measurement and Boundary Tracing of Wound on a Mobile
Device. In Proceedings of the 2018 IEEE International Conference on Consumer Electronics-Taiwan (ICCE-TW), Taichung, Taiwan,
19-21 May 2018; pp. 1-2.

Kumar, S.; Jaglan, D.; Ganapathy, N.; Deserno, T.M. A Comparison of Open Source Libraries Ready for 3D Reconstruction of
Wounds. In Medical Imaging 2019: Imaging Informatics for Healthcare, Research, and Applications; Bak, PR., Chen, P.-H., Eds.; SPIE:
San Diego, CA, USA, 2019; p. 9.

Lu, M;; Yee, A.; Meng, F.; Harmon, J.; Hinduja, S.; Yi, S. Enhance Wound Healing Monitoring through a Thermal Imaging Based
Smartphone App. In Medical Imaging 2018: Imaging Informatics for Healthcare, Research, and Applications; Zhang, J., Chen, P.-H.,
Eds.; SPIE: Houston, TX, USA, 2018; p. 60.

Au, Y,; Beland, B.; Anderson, J.A.E.; Sasseville, D.; Wang, S.C. Time-Saving Comparison of Wound Measurement Between the
Ruler Method and the Swift Skin and Wound App. J. Cutan. Med. Surg. 2019, 23, 226-228. [CrossRef]

Novas, N.; Alvarez-Bermejo, J.A.; Valenzuela, J.L.; Gazquez, J.A.; Manzano-Agugliaro, F. Development of a Smartphone
Application for Assessment of Chilling Injuries in Zucchini. Biosyst. Eng. 2019, 181, 114-127. [CrossRef]


http://doi.org/10.3390/su13031224
http://doi.org/10.1016/j.asoc.2020.106164
http://doi.org/10.3390/computers10040043
http://doi.org/10.3233/JCM-170706
http://doi.org/10.3390/app10175792
http://doi.org/10.1109/TMM.2021.3065580
http://doi.org/10.1016/j.compbiomed.2017.09.015
http://www.ncbi.nlm.nih.gov/pubmed/28987989
http://doi.org/10.14738/jbemi.24.1315
http://doi.org/10.1016/j.compbiomed.2018.05.009
http://www.ncbi.nlm.nih.gov/pubmed/29775913
http://doi.org/10.30943/2019/28052019
http://doi.org/10.1109/TSMC.2018.2856405
http://doi.org/10.1177/1203475418800942
http://doi.org/10.1016/j.biosystemseng.2019.03.009

Sensors 2021, 21, 5762 19 of 19

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

Pires, LM. A Review on Diagnosis and Treatment Methods for Coronavirus Disease with Sensors. In Proceedings of the 2020
International Conference on Decision Aid Sciences and Application (DASA), Sakheer, Bahrain, 8-9 November 2020; pp. 219-223.
Capris, T.; Melo, P; Pereira, P.; Morgado, J.; Garcia, N.M.; Pires, LM. Approach for the Development of a System for COVID-19
Preliminary Test. In Science and Technologies for Smart Cities; Lecture Notes of the Institute for Computer Sciences, Social Informatics
and Telecommunications Engineering; Paiva, S., Lopes, S.I., Zitouni, R., Gupta, N., Lopes, S.F.,, Yonezawa, T., Eds.; Springer:
Cham, Switzerland, 2021; Volume 372, pp. 117-124, ISBN 978-3-030-76062-5.

Science and Medical Images, Photos, Illustrations, Video Footage—Science Photo Library. Available online: https://www.
sciencephoto.com/ (accessed on 20 August 2021).

Open Wounds—Stock Photos e Imagens—iStock. Available online: https://www.istockphoto.com/pt/fotos/open-wounds
(accessed on 20 August 2021).

Prasad, S.; Kumar, P.; Sinha, K.P. Grayscale to Color Map Transformation for Efficient Image Analysis on Low Processing Devices.
In Advances in Intelligent Informatics; Advances in Intelligent Systems and, Computing; El-Alfy, E.-S.M., Thampi, S.M., Takagi, H.,
Piramuthu, S., Hanne, T., Eds.; Springer: Cham, Switzerland, 2015; Volume 320, pp. 9-18, ISBN 978-3-319-11217-6.

Saravanan, C. Color Image to Grayscale Image Conversion. In Proceedings of the 2010 Second International Conference on
Computer Engineering and Applications, Bali Island, Indonesia, 19-21 March 2010; pp. 196-199.

Sen, C.K,; Ghatak, S.; Gnyawali, S.C.; Roy, S.; Gordillo, G.M. Cutaneous Imaging Technologies in Acute Burn and Chronic Wound
Care. Plast. Reconstr. Surg. 2016, 138, 1195-128S. [CrossRef]

Cazzolato, M.T.; Ramos, J.S.; Rodrigues, L.S.; Scabora, L.C.; Chino, D.Y.T.; Jorge, A.E.S.; Azevedo-Marques, PM.; Traina, C.;
Traina, A.J.M. Semi-Automatic Ulcer Segmentation and Wound Area Measurement Supporting Telemedicine. In Proceedings of
the 2020 IEEE 33rd International Symposium on Computer-Based Medical Systems (CBMS), Rochester, MN, USA, 28-30 July
2020; pp. 356-361.

Taufiq, M.A.; Hameed, N.; Anjum, A.; Hameed, F. m-Skin Doctor: A Mobile Enabled System for Early Melanoma Skin Cancer
Detection Using Support Vector Machine. In eHealth 360°; Lecture Notes of the Institute for Computer Sciences, Social Informatics
and Telecommunications Engineering; Giokas, K., Bokor, L., Hopfgartner, E, Eds.; Springer: Cham, Switzerland, 2017; Volume 181,
pp. 468-475, ISBN 978-3-319-49654-2.

Commons Imaging—Commons. Available online: https://commons.apache.org/proper/commons-imaging/ (accessed on 28
July 2021).


https://www.sciencephoto.com/
https://www.sciencephoto.com/
https://www.istockphoto.com/pt/fotos/open-wounds
http://doi.org/10.1097/PRS.0000000000002654
https://commons.apache.org/proper/commons-imaging/

	Introduction 
	Related Work 
	Methodology 
	Dataset 
	Data Processing Steps 
	Convert the Image to Grayscale 
	Blur the Image 
	Threshold with Segmentation 
	Find Contours 
	Remove Small Shapes 
	Perform Dilation for Canny Detection 
	Perform Erosion for Canny Detection 
	Canny Detection 
	Perform Dilation to Find Contours 
	Obtain Image Metadata 
	Measure the Wound Area 

	Evaluation Criteria 
	Mobile Application 

	Results 
	Convert the Image to Grayscale 
	Blur the Image 
	Apply the Threshold with Segmentation 
	Find Contours and Remove Small Shapes 
	Perform Dilation 
	Perform Erosion 
	Canny Detection 
	Perform Dilation of the Contours 
	Find Contours, Obtain Image Metadata, and Measure the Wound Area 
	Measurement of the Wound Area 
	Summary of the Analysis of the Dataset with the Desktop Application 

	Mobile Application 
	Description of the Functionalities 
	Summary of the Analysis of the Dataset with the Mobile Application 

	Discussion 
	Conclusions 
	References

