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ABSTRACT

Chronic dermatological ulcers cause great discomfort to patients, and while monitoring the size of
wounds over time provides significant clues about the healing evolution and the clinical condition
of patients, the lack of practical applications in existing studies impairs users’ access to appropriate
treatment and diagnosis methods. We propose the UTrack framework to help with the acquisition
of photos, the segmentation and measurement of wounds, the storage of photos and symptoms, and
the visualization of the evolution of ulcer healing. UTrack-App is a mobile app for the framework,
which processes images taken by standard mobile device cameras without specialized equipment and
stores all data locally. The user manually delineates the regions of the wound and the measurement
object, and the tool uses the proposed UTrack-Seg segmentation method to segment them. UTrack-
App also allows users to manually input a unit of measurement (centimeter or inch) in the image to
improve the wound area estimation. Experiments show that UTrack-Seg outperforms its state-of-the-
art competitors in ulcer segmentation tasks, improving F-Measure by up to 82.5% when compared
to superpixel-based approaches and up to 19% when compared to Deep Learning ones. The method
is unsupervised, and it semi-automatically segments real-world images with 0.9 of F-Measure, on
average. The automatic measurement outperformed the manual process in three out of five different
rulers. UTrack-App takes at most 30 seconds to perform all evaluation steps over high-resolution

images, thus being well-suited to analyze ulcers using standard mobile devices.

1. Introduction

Motivation. Several health conditions and diseases demand
continuous observation and frequent follow-ups regarding
the patients’ treatment. Thus, having mechanisms to allow
such observation without imposing more stress on patients
has been sought by medical specialists. Moreover, appro-
priate tools will make it possible to service patients with di-
verse health conditions which may make it difficult for pa-
tients to leave home and go to medical facilities. Bedridden
patients with low mobility or aggravated comorbidities of-
ten present fragile health, thus they should preferably receive
home treatment. They are also susceptible to infections, for
instance, Sars-CoV-2 (COVID-19) and Influenza A (HIN1).
Further, patients from remote communities should be able
to access effective care and accurate information about their
condition [18].

Among the conditions that require home care, we fo-
cus on chronic dermatological ulcers. Burns, infections, and
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poor blood circulation are examples of skin ulcer causes [33,
22]. Dermatological ulcers can also occur due to various
skin conditions and the presence of preexisting diseases,
such as diabetes [18, 27]. Delays in health appointments for
patients with skin ulcers may even result in limb amputa-
tion [37]. The wound healing process can be complex, dy-
namic, and lengthy [13]. Health professionals often debride
the wound, inspect the ulcer’s healing progress and, when
necessary, recommend visits to specialists [37]. Frequent
follow-ups of patients with ulcers are essential in order to
identify the stages of wound healing and to adapt or change
aspects of treatment when needed.

Context. Wound size evolution is an effective healing pre-
dictor [7, 39, 37]. Figure 1 illustrates two traditional and
basic procedures for measuring (i) a patient’s wound [19,
32, 14]. The specialist can (ii-a) place a transparent mesh
over the patient’s limb and mark the wound edge. The mesh
usually has squares of one c¢m?, and the wound size is ap-
proximated by the number of squares the ulcer covers. The
specialist can alternatively (ii-b) take a photo of the wound
and a reference gauge (such as a tape, ruler, and adhesive)
using a common camera. Then, the specialist uses a semi-
automatic image editing tool on a local computer to trace
the ulcer edge. In both methods, (iii) the wound area A is
given as A ~ h * w, where h and w are the largest sides of
the ulcer. However, this methodology is imprecise and can
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Figure 1: Manual measurement of dermatological ulcers.
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overestimate the ulcer size by more than 70% [32, 2].

Difficulties. Works from the literature have proposed com-
puter systems that support the treatment of chronic skin ul-
cers [2, 34, 25, 19, 20]. Some work has investigated the sub-
ject from the visual aspects of the image content and the clas-
sification of different wound tissues (e.g. necrosis, calluses,
granulation, and fibrin) [4, 11]. Other studies have focused
on the limb segmentation of patients with ulcers [34, 5] and
also the wound region [11]. Nevertheless, without a user-
friendly application, computer-aided solutions are not suf-
ficiently developed to effectively aid the medical practice.
Thus, potentially valuable assistance to both the health per-
sonnel and patients is lost. Wound care applications must be
quick, affordable, accurate, user-friendly, and unobtrusive to
the patient to be suitable for everyday use [25, 37, 27].

Significant effort has been made to accurately analyze
photos depicting ulcers using mobile devices [27, 15, 38].
Mobile Health (mHealth) and telemedicine are effective and
essential technologies to provide continuous healthcare sup-
port for geographically distant patients. This allows special-
ists to better monitor patients’ conditions and identify the
need for suitable intervention. The existing mHealth and
telemedicine applications implement supervised classifiers
to detect regions with wounds and different tissues in the ul-
cer. This approach requires a large number of images to both
train the model and to allow accurate classification. Unfor-
tunately, there is a lack of large datasets of wound images
for model training, which is a significant drawback, lead-
ing to models that hardly generalize the classification re-
sults [5, 34].

Further difficulties with existing applications embody-
ing wound measurement rely on specialized equipment, such
as heat sensors and 3D cameras [25]. There are many pro-
prietary tools for wound care, for instance Swift Skin and
Wound [2], PointClickCare, +WoundDesk, MOWA!. The
imitoMeasure” app is free for use but relies on a trained user
to inform the correct wound edge, which can overestimate
the wound size. The app also has limited resources in its

ISwift Skin and Wound (https://swiftmedical.com/), PointClickCare
(https://pointclickcare.com/), +WoundDesk (https://wounddesk.com/),
MOWA (https://healthpath.com/)

2imitoMeasure (https://imito.io/en/imitomeasure)

free version, and the user cannot store ulcer analysis and ad-
equately evaluate the healing evolution. Other tools focus
on specific conditions and parts of the body for ulcer pre-
vention, such as heat-based foot ulcer follow-up [27].

Problem Definition and Contributions. This work ad-
dresses how to obtain practical and useful measurement as
well as follow-up tools for chronic dermatological ulcers.
In a preliminary, short work [8] we proposed the URule-
App, which aids dermatological ulcer measurement employ-
ing smartphones. In this work, we significantly extend the
initial prototype and introduce the UTrack framework.

UTrack allows the user to measure, store, visualize, and
share the analysis of chronic dermatological ulcers along a
period of time. UTrack is a free and easy-to-use solution
that can run on a regular mobile device containing a stan-
dard camera and without an internet connection. No sen-
sors, special cameras, or other specific devices are required.
Therefore, the application is widely accessible to patients,
caregivers, and healthcare professionals. The UTrack frame-
work includes:

e UTrack-App, an Android app for users to take pictures,
outline relevant regions, and visualize analysis results
in a fast, portable and straightforward manner

e UTrack-Seg, an unsupervised method to segment the
wound and the measurement object in the images, pro-
viding their exterior outline

o A tick marker detection method, which combined with
image segmentation, can approximate the wound area
in cm? or in?

e A local database to store all analysis for a patient in-
side the application

e A visualization module to allow users to follow and
assess the wound healing evolution

e A report generated by the mobile application for the
patient to share with their physician

Recently, Augmented Reality (AR) technology has been
employed to measure objects by moving the camera of a
mobile device. However, in this study, we employ a ruler-
based measuring method because this is the standard proto-
col followed by health professionals. The use of a ruler or
a tape brings analysis confidence to health professionals and
can also be double-checked and adjusted whenever neces-
sary. Plus, AR technology can be software and hardware-
dependent while the use of a measuring object is accessible
and simple (e.g. any reference for one cm or in can be used).

The in-depth experimental analysis shows that UTrack-
Seg can segment both the ulcer and the measurement ref-
erence with high quality. Our approach outperformed the
color-based pixel classifiers in average F-Measure by up
to 114%, the superpixel-based classifiers by up to 82.5%,
the deep learning-based approaches by up to 19%, and the
region-growing-based competitor by up to 21%. UTrack-
App can execute all tasks promptly (up to 30 seconds for all
tasks and high-resolution images) and store all results in a
local database. Moreover, UTrack can be modified to work
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with other types of images and wounds. UTrack-App is avail-
able for download? under the Creative Commons license.

Paper outline. This paper is organized as follows. Sec-
tion 2 gives the background. Section 3 describes related
work. Section 4 presents the UTrack framework. Section 5
details the material and methods employed. Section 6 de-
scribes the experimental evaluation. Finally, Section 7 con-
cludes the work.

2. Segmentation of Dermatological Ulcers

This section covers the relevant background on segmen-
tation methods useful for skin ulcer images. Image I con-
sists of an r by ¢ matrix of n = r X ¢ pixels p; € I, such that
1 <i < n. A pixel p; of a colored image represented in the
RGB color space is a triple p; = (R;, G;, B;) , where R;, G;
and B; represent the intensity of p; respectively for the red,
green and blue color channels. A segmentation algorithm
sorts every pixel into disjoint subsets [17], which identifies
the relevant and non-relevant image regions. For instance,
dermatological pictures can be divided into wound and not-
wound regions of pixels. Other approaches can also segment
wound regions according to specific healing tissues, such as
necrosis, fibrin, and granulation. Segmented regions usually
present uniform visual characteristics. The algorithms can
rely on discontinuity, abrupt changes, and intensity to iden-
tify the regions’ edges, segmenting the image into groups of
similar pixels, following a given criterion [1, 17].

Segmentation algorithms rely on different heuristics to
classify images. Table | summarizes recent approaches from
the literature employed for ulcer images’ segmentation. We
explain the studies as follows.

Pixel and Superpixel-Based Segmentation
Superpixel-based approaches group pixels into percep-
tually meaningful atomic regions [1]. Algorithms generally
use color information to group visually similar pixels. The
algorithm divides the image I into s disjoint regions, called
superpixels. One of the main advantages is that superpixels
can replace the rigid structure of the pixel grid of an image,
and the generated regions adhere to visual boundaries.
Many studies have explored the superpixels approach
to segment skin ulcer images. In [4] the authors proposed
CLMeasure, which employs superpixels to divide and clas-
sify the ulcer tissues in the images. Having the superpix-
els, the features from each region are extracted and labeled
using off-the-shelf classifiers such as SVM, Naive Bayes,
and Random Forests. ICARUS was proposed in [11]. It
combines superpixels and bags of visual signatures to iden-
tify the different patterns depicted in skin healing stages.
Both CLMeasure and ICARUS use the extracted features
to perform content-based image retrieval. The 2PLA (Two-
Phase Learning Approach) method [34] performs pixel and
superpixel-based classification to segment a wound. To es-

3UTrack-App ~ is  openly  available for  download  at
http://github.com/mtcazzolato/utrack-app. The supplementary mate-
rial provides a demonstration video showing how UTrack-App works.

Table 1
Segmentation approaches for dermatological ulcers.
Work Approaches Objective
CLMeasure [4]  Classification, Content-based image
Superpixels retrieval
ICARUS [11]  Pixel clas-  Content-based image
sification, retrieval
Superpixels and
Bag of Visual
Signatures
2PLA [34] Pixel and Super-  Limb segmentation
pixel classifica-
tion
QTDU [5] Superpixels’ Wound segmentation
Deep Learning- and measurement (in
based classifica-  pixels)
tion
DeepLgbV3+ Deep Learning- General purposes
[°] based segmen-
tation
ASURA [10] Deep Learning- Wound segmentation

based Segmen-
tation

and measurement (in
cm? or in?)
GrowCut and

GrabCut [25] 3D wound segmen-

tation and measure-
ment (in cm? or in?)

Region-growing
segmentation

timate the wound size, 2PLA requires the user to provide the
number of pixels inside the segmented wound, which is the
proportion of wound pixels against all pixels in the limb.

Deep Learning-Based Segmentation

Recently, a significant effort has been made to take ad-
vantage of the deep learning algorithms in image segmen-
tation and classification. Deep Convolutional Neural Net-
works (CNN) has been used mainly in image recognition
tasks [35] and can perform semantically rich segmentation.
CNN uses convolution operations to encode the input im-
age into a feature map, where the objects are segmented.
Blanco et al. [5] proposed QTDU, combining deep learning
approaches to classify the superpixels previously extracted
from the images according to different ulcer tissues (e.g.
granulation and necrosis). QTDU uses ResNet and Incep-
tionV3 CNNs to segment and classify superpixel regions. It
receives the superpixels as input and processes six additional
layers after using CNN in order to assign the superpixel la-
bel. QTDU also estimates the wound area considering the
number of pixels inside the segmented wound but not in real-
world units.

DeepLab [9] is another deep learning model for image
segmentation. It employs atrous convolutions to upscale the
low-level features and enlarges the field of view of filters
with a simple architecture. DeepLabv3+ [9] is its latest ver-
sion, which has an effective decoder to refine the segmenta-
tion, replacing the max pooling operations with depth-wise
separable convolutions. The DeepLabv3+ decoder concate-
nates the encoded features, which are upscaled by a factor of
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four, with the corresponding features.

U-Net [30] is an Encoder/Decoder FCN that overcomes
the limitation of depending on large amounts of data to train
and instead deals with smaller training sets. U-Net improves
the segmentation results by considering the spatial informa-
tion lost in the encoder, copying the activation layers from
the decoder, and concatenating them with the up-scaling ten-
sor. In [10] the authors employ U-NET to propose ASURA,
a segmentation approach for ulcer segmentation.

Deep learning approaches have shown highly accurate
segmentation results. However, such approaches are super-
vised and usually require extensive training and data aug-
mentation operations to achieve high classification quality.

Region Growing Segmentation

Methods for semi-automatic object segmentation have
shown promising improvements in recent work. This is
the case of the so-called region-growing approaches, which
are unsupervised semi-automatic segmentation algorithms.
Methods from this category usually rely on manual outline
over the input image to perform segmentation. For exam-
ple, Pavlov¢i¢ er al. [25] proposed a semi-automatic seg-
mentation method based on GrowCut [36] and GrabCut [31]
to segment skin ulcer images. The method calculates both
2D (i.e., perimeter and area) and 3D (i.e., volume) mea-
surements of a dermatological ulcer, based on interior and
exterior manual outlines. CleverSeg [28], which requires
only the exterior outline of the object being segmented, uses
semi-automatic segmentation over grayscale images. Cle-
verSeg, initially developed for segmenting paraspinal mus-
cles in magnetic resonance images, uses mathematical mor-
phology [17] to estimate the target region. It receives the
image and the external outline of the object of interest in the
image. It is shown [28] that CleverSeg outperforms existing
region-growing segmentation approaches, such as GrowCut
and GrabCut.

In this work, we describe our novel UTrack-Seg ap-
proach, an improved version of the CleverSeg [28] method,
which was developed to process grayscale images. UTrack-
Seg extends CleverSeg to handle the RGB color channels
required to process the colored photos of dermatological
wounds and segments the wound and ruler regions in the
images, while considering the provided exterior outline. Im-
portantly, UTrack-Seg is unsupervised and requires no train-
ing step to segment images.

3. Related Work

This section presents related work regarding computa-
tional methods to analyze dermatological ulcer images in
practical approaches. We cover recent methods involving
the aspects related to our proposal, summarized in Table 2,
as follows:

o Wound size: whether the approach measures the ulcer
size in the image

e No special equipment: whether collection and analy-
sis of images is independent of special equipment

e Mobile: whether it is available as a mobile solution to
be used in practice

e Available application: whether it is free for patients
and health practitioners

e Patient history: whether it keeps historical informa-
tion and analyses

e Temporal analysis: whether it tracks the evolution of
a patient’s condition over time

e [nformation sharing: whether information can be
shared among patients and health professionals

Wang et al. [38] proposed a wound image analysis sys-
tem for Android. The system provides real-time wound
segmentation, which employs a mean shift algorithm to
determine the wound boundaries. The system calculates
the wound area with a simple connected-region detection
method and predicts the wound healing status based on a red-
yellow-black color evaluation model. The system requires a
particular device named Image Capture Box to acquire im-
ages from patients. The device has mirrors and white LEDs
to provide consistent camera angle and lighting. The gener-
ated mask determines the wound’s boundaries between re-
gions of pixels classified as granulation, slough, or necrosis.
Storing data along time allows the system to identify trend
patterns and monitor the patient’s healing evolution. How-
ever, the system has some disadvantages. It gives the wound
size as the sum of pixels and not an actual measurement unit
like cm? or in®. Also, it does not evaluate or report the qual-
ity of segmentation and classification.

CLMeasure [4] focuses on retrieving skin ulcer images
based on their visual similarity, exploiting the different heal-
ing stages which are depicted in the image. The method sub-
divides the image into superpixel regions and classifies each
superpixel considering the features that indicate the classifi-
cations of granulation, necrosis, callous, and fibrin. It uses
a composition function over the labeled regions for distance
assessment among images. ICARUS [11] is based on su-
perpixels combined with Bags of Visual Signatures. It fo-
cuses on content-based retrieval of ulcer images and presents
higher quality results than CLMeasure [11] when consider-
ing skin ulcers at different healing stages.

Pasero et al. [24, 23] proposed an automatic method for
leg ulcer segmentation and analysis. Photos are acquired us-
ing a smartphone camera, and the segmentation is based on
a morphological opening with a disk-shaped structuring el-
ement, over both RGB and HSV color spaces. The authors
estimate the wound size using a specific ruler to convert the
number of pixels to cm?. The automatic measurement of
wounds presented results comparable to manual measure-
ments. However, the study does not present further analy-
sis nor results of comparisons with other segmentation ap-
proaches.

Fraiwan et al. [15] proposed a mobile app for foot skin
ulcer analysis using a thermal camera for temperature-based
image processing. The mULCER mobile app [26] analyzes
images and additional information and provides informative
texts to the user. Marchione et al. [21] explains that existing
approaches regarding software for pressure ulcer prevention
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Table 2
Overview of existing approaches for dermatological ulcer analysis and the proposed method.
Work Year Wc_)und No -special Mobile Available P?tient Tempon:al Inf9.
size equipment app. history analysis Sharing
Wang et al. [38] 2015 v v v
CLMeasure [4] 2016 v
Pasero et al. [24, 23] 2017 v v
Fraiwan et al. [15] 2018
ICARUS [11] 2018 v
MyFootCare [27, 6] 2018 v v v v v
Shirley et al. [33] 2019 v
Dastjerdi et al. [22] 2019 v v
QTDU [5] 2020 v
ASURA [10] 2020 v v v
Proposal: UTrack 2021 v v v v v v v

most commonly rely on specialized equipment and sensors,
strict control of the patient’s position in bed, and written in-
formation.

MyFootCare [27, 6] is a mobile application prototype
that provides self-care support to people with diabetic foot
ulcers. The app focuses on engaging patients in self-care
practices by allowing them to track the wound’s healing pro-
cess based on photos taken by a mobile phone. It runs on An-
droid devices using a Java Framework and uses the OpenCV
library for wound segmentation and analysis. The segmen-
tation requires the user to roughly draw a circle around the
ulcer to denote the healthy skin tissue edges and another in-
side the ulcer. The app runs OpenCV’s Morphological Wa-
tershed algorithm to segment the image background and iso-
lates the ulcer from healthy tissues. It relies on a small green
sticker of 1cm diameter placed next to the wound to scale and
convert the wound area to cm? units. MyFootCare records
the wound area and information about how the patient feels
and what they are doing and allows following the wound
size evolution. MyFootCare is not publicly available, and
the work does not present experimental evaluations about
segmentation nor wound area calculation. As it relies on a
specific sticker, it is not useful for untrained patients.

Shirley et al. [33] proposed a process to measure the
length, area, and volume of wound ulcers. It processes a
sequence of images captured by a smartphone and creates
a 3D representation using the Structure-from-Motion (SfM)
algorithm. It calculates the wound dimensions based on a
dynamic threshold in the CIELAB color space. Although
acquiring the photos through a smartphone, the subsequent
segmentation and calculations are not performed on the de-
vice. Moreover, it does not consider temporal data from
the analysis, and the calculated wound dimensions are not
in real-world units.

Dastjerdi et al. [22] proposed another method for semi-
automatic wound segmentation and area measurement. It
utilizes both 2D and 3D representations, processing a single
photo or a video, respectively. The 2D photo can be taken
with a digital camera or smartphone, with a flexible paper
ruler placed near the wound for size measurement. The seg-

mentation starts by roughly outlining the region of interest
around the ulcer. Then, a trained Random-Forest (RF) calcu-
lates a probability map of each pixel belonging to the wound
or healthy skin. By employing the Otsu’s threshold, a binary
mask containing the wound area is created over the proba-
bility map. The ruler is segmented to calculate the ratio be-
tween pixels and centimeters. However, the method was not
compared to other segmentation tasks nor wound area cal-
culations, and it does not track the wound size evolution.

QTDU [5] is another deep learning-based method that
segments the ulcer regions through superpixel-based classi-
fication. Besides being computationally costly, the wound
area is the sum of pixels in the segmented region. Finally,
the ASURA system [10] was proposed for segmentation and
ulcer area measurement in real-world units (cm?). A U-NET
network performs the segmentation, which has shown to be
highly accurate. ASURA automatically measures the size of
the ulcer, and it is complemented by a desktop application to
adjust the measurement manually. However, the user has to
take the photo and transfer it to a local computer to segment
and estimate the ulcer size. This pipeline may impair the
use of ASURA in the daily medical procedures carried out
at patients’ homes.

Most approaches described in this section require ex-
tensive training to classify and segment the wound regions.
However, it is difficult to obtain large collections of dermato-
logical ulcer images for training. Moreover, supervised clas-
sifiers and content-based retrieval approaches need to con-
sider privacy protection of the patients’ images used to train
models and to show similar images, respectively. In the fol-
lowing, we detail our proposed UTrack framework to provide
adequate support for caregivers and health professionals in
their daily routine.

4. The Proposed Framework

In this work, we present our UTrack framework for
supporting the follow-up of chronic dermatological ulcers.
UTrack provides modules to segment the ulcer and the mea-
surement object, estimate the ulcer area, keep historical data,
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and visualize the wound and symptoms evolution. Figure 2
presents the main modules of the UTrack framework. We
designed UTrack-App to make the UTrack features available
for patients, caregivers, and healthcare professionals and to
support ulcer patients’ home care (Step i). UTrack-App as-
sists users (a) to acquire a photo of the ulcer, (b) mark the
ruler and wound boundaries, and (c) provide visualization
of the analysis results and the historical records. Each out-
lined region is automatically segmented (Step ii) with our
proposed segmentation method UTrack-Seg. The next sub-
sections detail UTrack and its components.

4.1. UTrack-App

UTrack-App is an Android implementation of UTrack.
Figure 3 shows screenshots taken from the main screens of
the app. In the main screen (a) users can analyze a new im-
age, check the patient’s history, track symptoms and wound
size evolution, and obtain information about the app. The
app can keep track of one or more ulcers (b). The user can
utilize a picture from the device’s gallery or take a new photo
(c) and inform related symptoms. The green pen must be
used to mark the ulcer outline and the magenta pen for the
ruler (d). Outlines must be closed boundaries, and segmen-
tation works well even with coarse contours. The analysis
is performed after the segmentation, and UTrack-App shows
the ulcer region size in cm? or in” (e). The user can opt to
manually revise the wound measurement (g and h) by in-
forming the measure of a centimeter in the photo (h). Then,
the app recomputes the ulcer size and displays the new result.

For every registered ulcer, (i) UTrack-App keeps the re-
spective analysis in the local database. The user can see the

i. Follow-up carried at home
lll” Skin
ulcer
UTrack '
a. Image Acquisition | b. Boundary Annotation

2 E EIT

New From @ ruler
photo Gallery

ii. Image Segmentatlon
. 0

Identify pixels x cm

Care taker or
medical practitioner

Ulcer
Photos

. Measurements,
dates, history

iv. Data Storage

Figure 2: The proposed framework UTrack.

wound healing evolution in terms of wound size and symp-
toms frequency (j and k). Notice in (b) that the user can share
a report of each registered ulcer. The app will generate a pdf
file with all analysis results and visual evolution of the cor-
responding ulcer. This report allows patients to share their
information with health professionals.

4.2. UTrack-Seg: Image Segmentation

UTrack-Seg considers the foreground segmentation,
which can be the ulcer or the measurement tool, as well as
the background. Images from mobile devices are taken as
color images in the RGB (Red, Green, Blue) color model,
represented as a matrix I with r rows and ¢ columns: (there
are n = |I| = r X ¢ RGB pixels p). The outlines are set in
another matrix, Seeds L, which has the same dimensions as
I. UTrack-Seg has three main steps, as presented in Algo-
rithm | and detailed as follows:

1. Interior outline estimation: After the user outlines
the wound and the ruler, both as closed boundaries,
UTrack-Seg starts estimating the interior of each re-
gion We represent the matrix L as L;, (input) and

L,,; (output, the modified matrix) in the algorithm.
First, the method fills every pixel inside the outline in
the input seeds matrix L;, with ones. Next, the algo-
rithm transforms the image (L;,) into a new 2D bi-
nary matrix B (temporary), where n; interior pixels
(white/ones) receive values 1, and the remaining n
pixels receive values 0, such that ny + n; = n (line 1).
Then, as depicted in Figure 4, UTrack-Seg iterates over
B using mathematical morphology.

On each iteration, the image is eroded by a 3 X 3
‘square’ structuring element (line 3). The iteration
continues until the relation of pixels in the eroded (kil)
and initial (k(l)) masks is lower than A, which is com-
puted from measurements of the image, as will be ex-
plained later. The estimated interior outline is taken

Algorithm 1: UTrack-Seg

Input: I: Image. L,,: exterior annotation/labels matrix.
Output: L,,: Segmented image or labels
// 1. Interior Annotation Estimation
B « binarize(L;,)
while k! /kj > A do
L B « erode(B)

4 L,, < joinLabels(B, L;,)

// 2. Weighted Matrix Initialization

m « 255

ifl;, #0,Vl, € L
L w; < 1.0

[ S

n

then

£

out

N

// 3. Segmentation
forVp, € I andVp) € I,j = {1,2,3, ...
9 | hem-diff(p,. p))

10 s < w; X h/m

u | if (s—w!)> 0 then

12 L w! « mean(s , w))

lf « [; from L

®

,8} do

out
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Figure 3: UTrack-App screenshots.

as the eroded region (line 2). Entries of the outlines’ to fill every entry Vw; € W with ones for corre-
matrix L, have values equal to O (unlabeled), 1 (fore- sponding labeled entries /; € L, (interior and ex-
ground or interior region) or 2 (background or exterior terior outlines) and with zeros otherwise. The maxi-
outline) (line 4). mum pixel intensity m has the value of 255, consid-
. o, ering that the RGB values on each channel are in the

2. Weight matrix initialization: Based on the label ma- range [0, 255] € Z.

trix L,,,, the algorithm initializes a weight matrix W
3. Segmentation: Let us consider each pixgl p,el, i
= {1,...,n } and its 8 neighbor pixels pl/ el,j=

i. Input: 2D binary ii. Get interior seed region {1,...,8} (line 8). First, UTrack-Seg calculates the
métEXOB ! » k; with n} pixels absolute difference (h) between the RGB pixel inten-

¢ = : sity (p;) and its neighbors' (pl’. ) and subtracts the result
Continue while ‘ by the maximum intensity (m) (line 9). Then, A is nor-

A > (n /n)

malized by m and multiplied by the strength w;, result-
ing in strength s (line 10). Finally, the method com-
putes the difference between s and w/ (which is the

iii. Apply an erosion

v. Increment i operator over k;

f Usinga 3 x 3 current strength of the neighbors). If this difference
i _ HHH  structuring is greater than @ (line 11), UTrack-Seg averages the
iv. Output: « ] element strength w! with s, which is the new strength (line 12),

New mask Ki,

and updates the corresponding label l{ (line 13).
Generated masks:

In our method, the Euclidean Distance is used to calcu-
late the distance among pixels (line 9). However, as a subject
for future evaluation, other distance metrics can be consid-
ered as well. UTrack-Seg stops repeating Step 3 after a max-
imum number of iterations or when the algorithm converges.
We empirically set € (line 11) to 1% to avoid averaging val-
ues that only change after the second decimal place. We au-
i=10,A = 43% i=15A=24% Final tomatically set the A threshold used in Step 1 by averaging
the Eccentricity and Solidity [29] measures of the wound.

Figure 4: UTrack-Seg erosion operations to estimate  The segmented regions are the input of UTrack’s next step.
the interior seed region.

Annotation
F

i=2,A=87%

-
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4.3. Tick Detection and Area Measurement

As depicted in Figure 2 - Step iii, UTrack detects the
ticks on the segmented ruler or tape obtained by UTrack-Seg
(Figure 2-Step ii) to compute the area of the ulcer. UTrack
starts cropping the Minimum Bounding Rectangle (MBR)
of the region of interest from matrix M using the segmented
measurement object. It is assumed that the image is in the
horizontal orientation, but it can be rotated if needed. The
image is converted to binary and grayscale. Then, UTrack
acquires the best threshold applying the ISODATA [3] algo-
rithms over the image. The method finds the ruler ticks by
combining the Line Segment Detector (LSD) approach [16]
with a vertical edge filter. The ruler ticks are grouped ac-
cording to their angles. The algorithm keeps the segments
with an angle difference of at most 5 degrees in relation to
the group with more elements, i.e. the most parallel ticks.
The remaining ticks are grouped by size, and for each group
UTrack calculates the distance between the ticks. The dis-
tance with the highest probability is given as the proportion
of pixels per centimeter.

Manual Correction of a Length Unity. The visual pat-
terns of distinct measurement objects can present patterns
(or elements) such as ticks or markers. The ticks’ detection
can be presented in low quality according to different mea-
surement tools, e.g. transparent rulers or rubber/plastic tapes
that can be folded and distorted during the photo acquisi-
tion. To tackle the problem of incorrect length estimations,
UTrack allows the user to insert the measurement of a cen-
timeter by hand (see the horizontal green line depicted in
Figure 2 (g)). Considering n,, as the number of pixels in the
ulcer region (i.e. the segmented wound), and n, as the pixel
density, i.e. the proportion of pixels/cm in the measurement
object. The ulcer area A in cm? is calculated as A = n,, /n,2,
and the area in in® is computed as A = n,,/(n, /2.54)2.
UTrack informs the ulcer size in cm? or in® and shows the
segmented region on the screen (Figure 2-vi).

5. Material and Methods

In this section, we detail the setup, datasets, and algo-
rithms employed to evaluate UTrack.

5.1. UTrack-App: Implementation and Setup
UTrack-App is an Android application, implemented in
Kotlin, and is self-contained and designed to perform all
UTrack’s mobile operations. We followed the usability
guidelines and best design practices provided by Google’s
Material Design* to develop visual components for Android
applications. The app incorporates two external APIs, both
implemented in Java and widely used in the development of
mobile applications: MP Android Chart® for graphs visual-
ization, and AndroPDF® for report generation. UTrack-App
was developed using Android Studio IDE. Both UTrack-Seg
and the tick detector algorithm were developed in Java, us-
ing the OpenCV 3.4.5 library. The minimum requirements

4ht‘cps://materia]. .io
5ht‘cps ://github.com/PhilJay/MPAndroidChart
6https ://github.com/ch@nch@l/AndroPDF

Table 3
Specification of smartphones used in the experiments.

S1. Xiaomi Mi 8 Lite (2018/3)

0s Android 10 MIUI 11
Processor | 4x 2.2 GHz Kryo 260 + 4x 1.8 GHz Kryo
260
GPU Adreno 512
RAM 4GB
S2. Samsung Galaxy A51 (2019/4)
(O Android 10 Samsung One Ul 2.0
Processor | 4x 2.3 GHz Cortex-A73 + 4x 1.7 GHz
Cortex-Ab3
GPU Mali-G72 MP3
RAM 4GB
S3. Redmi Note 9 Pro (2020/1)
0os Android 10 MIUI 11
Processor | 2x 2.3 GHz Kryo 465 Gold + 6x 1.8 GHz
Kryo 465 Silver
GPU Adreno 618
RAM 6GB

to install UTrack-App are Android OS 8.0 (Oreo - 2017) or
higher and at least 1 GB of RAM.

Elapsed times of UTrack’s segmentation tasks were col-
lected by simulating the application using Android OS 9.0
(Pie - 2018) in the Android development IDE itself. We also
collected the real execution time of UTrack-Seg running on
three different smartphones, detailed in Table 3. During the
experiments, the smartphones were in airplane mode, with
app notifications and synchronization disabled to avoid hav-
ing other processes consuming the devices’ processing time.

5.2. Datasets and Segmentation Approaches

The evaluation step was performed over two datasets,
ULCER-A [10] and ULCER-B [12]. Each dataset has 213
photos of chronic dermatological ulcers taken from patients’
lower limbs. The datasets contain arterial and venous ul-
cers, at different sizes and healing stages (fibrin, granula-
tion, necrotic and callous) as well as different skin colors
and treatments. Also, the images have different resolutions.
ULCER-A has images taken from 23 patients using no pro-
tocol to define the background or camera distance to the
wound. Each patient has a sequence of photos taken span-
ning 90 days. ULCER-B has images taken following a pre-
defined protocol (using the same camera, blue background,
and same measurement tape). The ground truth was ob-
tained from experts who manually segmented the images.
They used an image editing tool to precisely contour the
wound and the measurement object regions. The contours
were used as masks to evaluate both UTrack-Seg’s and the
GrowCut’s segmentation quality. For further information on
the datasets, refer to [10, 12].

We compared UTrack-Seg’s segmentation results
with seven other methods: GrowCut, which is a well-
known region-growing approach; ASURA, QTDU, and
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Figure 5: Five types of measurement tools evaluated.

DeepLabV3+, which are Deep Learning-based wound
segmentation methods; CLMeasure and Icarus (superpixel-
based), and Color Classification (pixel-based), which
extracts color features from images and classifies them
using simple classifiers. ASURA’s trained models (on
ULCER-A, ULCER-B, and ULCER-COMBINED) and
implementation were obtained from the original work [10].
We reimplemented all other algorithms used in our ex-
perimental analysis in order to provide a fair comparison
among the methods, which share the same platform. The
Deep Learning approaches were evaluated using 5-fold
cross-validation. We followed the steps described in [10] to
perform Data Augmentation for ASURA’s model training
and to split the images into the folds in such a way that
images from a single patient are only in one fold.

We evaluated the UTrack’s tick detection ability using a
set of 22 tapes and rulers, classified as types i to v, as de-
picted in Figure 5. We compared the accuracy of our ap-
plication with the manual measurement results obtained by
four subjects who are familiar with the issue and used the
app to draw a centimeter (cm) in every tool.

6. Experimental Analysis and Discussion

This section begins the evaluation of UTrack-Seg’s seg-
mentation quality according to the distance of the exterior
outline to the wound edge with different image resolutions
and wound sizes. We compare UTrack-Seg results with state-
of-the-art segmentation approaches focused on analyzing
dermatological ulcers. We show how well UTrack performs
ticks detection for different measurement tools. Finally, we
present a performance analysis of UTrack-App, considering
the different tasks of the UTrack framework.

6.1. UTrack-Seg Evaluation

Our evaluation begins with the UTrack-Seg’s
parametrization and the segmentation quality, accord-
ing to the image and wound sizes.

6.1.1. Distance from Outline to Wound Boundary

This experiment evaluates how the exterior outline dis-
tance to the ulcer edge affects the segmentation quality. Fig-
ure 6 shows an example of external outlines at different dis-

tances (in pixels) to the wound edge. At distances of up to
15 pixels, the external outline must be carefully provided to
better follow the wound edge. Outlines at distances higher
than 20 pixels to the wound edge can be provided more freely
and less precisely by the users.

Figure 6: Examples of external outlines (in green) at different
distances (informed by the white numbers) to the wound edge.

Figure 7 guides the setting of the best distance range for
the user to indicate the wound. The charts show the Jac-
card, precision, F-Measure (Dice Score), and recall results
of UTrack-Seg according to the distance (in pixels) of the ex-
terior outline. The horizontal axis shows the distance range
from 5 to 100 in steps of 5 pixels. We evaluate the segmen-
tation of datasets ULCER-A, ULCER-B, and the combina-
tion of both, shown in the graphs as ULCER-COMBINED.
As a general rule, the farther the outline to the wound edge,
the higher the precision and the lower the recall. This oc-
curs because outlines too far from the wound edge tend to
consider most of the wound pixels, but they over-segment
the wound region, also attaining a high false-positive rate.
The best trade-off between precision and recall was obtained
with distances between 20 and 30 (highlighted by the yellow
bars), as shown by the F-Measure and Jaccard results. Out-
lines farther than 25 pixels from the wound boundary are
finely adjusted by UTrack-Seg to obtain accurate results, and
we employ this setting in the following experiments.

6.1.2. Quality Per Wound and Image Size

Figure 8 presents the segmentation quality of UTrack-
Seg according to the proportion of pixels representing the
wound. Tiny wounds (close to zero pixels) incur losses for
Jaccard and recall values. However, for the other wound
sizes, UTrack-Seg produced steadily high segmentation re-
sults.

Finally, Figure 9 (a) presents the segmentation quality
of UTrack-Seg according to the image resolution existing in
both datasets ULCER-A and ULCER-B (represented here by
the image width). Again, UTrack-Seg was able to accurately
segment the images regardless of the size. This result sup-
ports our claim that UTrack-Seg successfully works with im-
ages acquired by smartphones, even for devices presenting
different image resolutions. ASURA resizes the input image
to a 512x512 matrix. Thus, we did not report results for size
variations in this study. Figure 9 (b) shows the segmenta-
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Figure 7: UTrack-Seg: Segmentation quality according to the distance of the outline
boundary to the ulcer edge. The yellow bars show the distances presenting the best trade-
off between precision and recall.

tion quality of images from 23 patients (from the ULCER-A
dataset) considering different resolutions. Each line on the
chart corresponds to a patient. Aiming at diminishing clut-
tering, we employ a color shading variation for the lines in
the graph. UTrack-Seg obtained fair results even when seg-
menting images with the lowest resolution (480x640). Im-
ages from five patients presented low-quality results for other
resolutions. However, the great majority of lines show high
and steady segmentation quality.

6.2. Segmentation Quality

Here, we compare UTrack-Seg results with state-of-the-
art methods focused on segmenting dermatological ulcers.
The competitors are from three categories: Classification-
based segmentation, Deep learning-based segmentation,
and Region-growing segmentation. Figure 10 presents
the Jaccard, precision, recall, and F-Measure (Dice Score)
results for ULCER-A, ULCER-B and their combination
ULCER-COMBINED. Table 4 summarizes the results for
the ULCER-COMBINED dataset. Considering the average
F-Measure results of the classification-based approaches,

UTrack-Seg outperformed the color classifier by 114%,
ICARUS by 56%, and CLMeasure by 83%. UTrack-Seg
was around 20% better than the Deep Learning methods
DeepLabV3+ and QTDU, and presented results comparable
to ASURA, with 0.5% better F-Measure. UTrack-Seg also
outperformed GrowCut by 22%, which is a region-growing
segmentation approach.

In general, UTrack-Seg presented highly-accurate re-
sults, compared to ASURA, which is based on the UNet and
has shown to be the competitor with the best results. More-
over, UTrack-Seg has the advantage of being unsupervised,
so it does not require the expensive data augmentation and
training steps of ASURA.

Figure 11 shows four examples of images segmented
by every evaluated approach. UTrack-Seg achieved the
best quality results. Our method shows a more suitable
adjustment to the wound edge, without gaps (presented
by most superpixel-based approaches), and with fewer
over-segmented regions than the best competitor, ASURA.
UTrack-Seg also had more favorable results than the region-
growing competitor GrowCut, which did not properly ad-
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Table 4
Segmentation quality results for both datasets (ULCER-COMBINED).
Approach Jaccard std  Accuracy std  Precision std Recall std F-Measure std
ICARUS 0.459983 0.26 0.940720 0.05 0.746801 0.30 0.542459 0.31 0.580107 0.28
CLMeasure 0.388531 0.28 0.932791 0.06 0.612312 0.36 0.493973 0.35 0.496194 0.32
ColorClassifier  0.306654 0.23 0.887320 0.10 0.582349 0.35 0.448197 0.29 0.423010 0.27
DeepLabV3+  0.643035 0.22 0.959489 0.04 0.832196 0.20 0.760207 0.25 0.754917 0.21
ASURA 0.838948 0.16 0.985020 0.02 0.915414 0.12 0.909545 0.13 0.901250 0.13
QTDU 0.641788 0.21 0.963014 0.03 0.789566 0.21 0.769757 0.20 0.756853 0.20
GrowCut 0.537223 0.16 0.767221 0.13 0.728603 0.17 0.947223 0.15 0.743007 0.15
UTrack 0.778915 0.17 0.897829 0.08 0.922237 0.10 0.918869 0.11 0.905617 0.07
1.0 . the outlined region, consequently limiting the segmentation
0s Po '-_;-.,;_ error. However, notice that it would be a situation that a
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Figure 8: Segmentation quality according to the wound size,
considering the dataset ULCER-COMBINED, where each dot
corresponds to an image: the higher the better.

here to the wound edge and segmented only portions of the
wound.

In practice, health practitioners or patients often take
pictures in environments with low or high luminosity. To
evaluate UTrack-Seg in those scenarios, Figure 12 shows the
segmentation results according to different brightness lev-
els. In part (a) we added or removed different proportions
of brightness from every original image. In part (b) we ran
UTrack-Seg and ASURA (the closest competitor) over every
image and collected the segmentation results. UTrack-Seg
has shown consistent segmentation results, mainly for high
levels of brightness. The method receives as input the ulcer’s
exterior annotation, which guides the algorithm during the
segmentation. The results indicate that UTrack-Seg was able
to correctly detect the wound borders, even for very dark or
bright images. UTrack-Seg takes the external outline of the
wound (manually informed), and iterates inside the delim-
ited region to segment the ulcer. Accordingly, when the im-
age is very dark, the method may over segment the wound,
but the number of pixels segmented will not be bigger than

ASURA was negatively impacted by the influence of
low levels of brightness and generated low-quality segmen-
tation results with high levels of brightness. This result was
due to ASURA being trained only on the original image
dataset. Thus, the results indicate that the ASURA model
needs to be trained on different brightness levels to improve
its segmentation quality. In fact, ASURA and the other su-
pervised competitors suffer from generalizing the segmenta-
tion model. To illustrate this characteristic, Figure 13 shows
ASURA’s segmentation results when we evaluate its gener-
alization error. In this example, we show ASURA’s segmen-
tation quality when trained and tested on the same dataset
(purple dashed bars) or trained on a dataset and tested using
the other one (gray bars). In (a), the gray bars correspond
to images from ULCER-A segmented using a model trained
on ULCER-B. The purple bars correspond to images from
ULCER-A segmented using a model trained on the same
dataset. In (b), the gray bars correspond to images from
ULCER-B segmented using a model trained on ULCER-A.
The purple bars correspond to images from ULCER-B seg-
mented using a model trained on the same dataset. For
the purple bar experiments, we employed the same k-fold
methodology described for the previous experiments. For
the gray bar we used all images in ULCER-A and tested
in every image in ULCER-B, and vice-versa. The results
show that the segmentation quality heavily drops when the
model is not trained on images that are similar to those be-
ing classified, lacking generalization. Accordingly, the use
of ASURA in practice would require constantly feeding new
images and expert-annotated masks to update the model and
maintain the segmentation quality.

6.3. Tick Detection

Table 5 presents the average number of pixels per cen-
timeter measured by the Ground Truth (GT), Automatic
Measurement (AM), and the Manual Measurement (MM),
with their respective errors. The manual measurements were
performed by four subjects who were familiar with the task.
The results were different for each of the five types of mea-
surement tools employed for this validation (see Figure 5).
Values highlighted in gray indicate the best result obtained
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(a) Segmentation quality per image resolution, considering the
dataset ULCER-COMBINED
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(b) Segmentation quality per patient and image resolution:
every line corresponds to an individual patient from dataset
ULCER-A
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Figure 9: Segmentation quality per image resolution consider-
ing (a) the entire dataset (ULCER-COMBINED) and (b) the
images from every patient (ULCER-A).

by each type of tool. AM resulted in high absolute errors
for measurement tools of type i and ii. However, the method
obtained consistent results for measurement tools of type iii,
iv, and v. In contrast, MM reduced our method’s error by
up to 70% and 37.5% for types i and ii, where UTrack had
difficulties establishing an accurate measure. For tools iii,
iv, and v UTrack achieved more favorable results than MM
did. Thus, practical scenarios indicate the need for a man-
ual measurement option to improve wound measurement for
some of the objects or rulers used for reference.

Table 5

Pixels per centimeter measurement. The automatic measure-
ment performed by UTrack was better than the manual mea-
surement in three out of five evaluated rulers.

Image Error Error
e GT AM (AM) MM (MM)
Type i 11 31 20 17 6
Tybe ii 12 20 8 13 5
Type iii 7 10 3 5 4
Type iv 30 29 1 34 14
Type v 24 23 1 25 9

GT: Ground truth
AM: Automatic Measurement
MM: Manual Measurement

6.4. Performance Analysis

In this subsection, we show UTrack’s performance. Fig-
ure 14 (a) shows the execution time spent by UTrack-App to
(i) segment the measurement tool, (ii) segment the ulcer, (iii)
measure the wound size, and (iv) the overall time to process
all tasks (i.e. i + ii + iii). We evaluate the elapsed times ac-
cording to the image resolution. For each resolution setting,
UTrack processed 10 images 15 times each and computed
the average elapsed time. The segmentation of the measure-
ment tool is faster than the ulcer segmentation because, in
general, the ulcer region is bigger. The (iii) ulcer measure-
ment includes the ticks’ detection and wound area calcula-
tion and executes in less than a second. The complete execu-
tion (iv), even over the highest image resolution, takes a little
more than a minute. As the charts show, UTrack-App can fin-
ish processing a 4K image (1920x2560 pixels), on average,
in 75 seconds, and much less for images with smaller res-
olution. Considering the currently most used resolution in
smartphones (i.e. 1080x1920 pixels), the app runs all tasks
in less than 25 seconds, on average.

Figure 14 (b) shows the average execution time to seg-
ment input images of different resolutions collected from
three smartphones (see Table 3). In general, the higher the
resolution, the higher the elapsed time spent by UTrack.
Smartphone S2 finished the segmentation task in up to 87
seconds for 4K images, which was the longest execution
time. The faster smartphone was S3, which took up to 41
seconds to segment 4K images and up to 3.7 seconds to
segment images with the other resolutions. We also mea-
sured the execution time of ASURA to segment the images.
As mentioned before, ASURA always takes the input im-
age and resizes it to a 512x512 matrix before performing
the segmentation. Accordingly, the execution time is almost
constant, regardless of the image resolution. ASURA seg-
mented the images in up to 9.7+1 seconds.

As UTrack-Seg iterates over the wound and ruler re-
gions during the segmentation, we analyze the impact of the
wound size on the execution time. Figure 15 shows the inte-
rior estimation and the segmentation times according to the
number of pixels corresponding to the wound size in the im-
age. Even for high-resolution images with wound sizes big-
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Dataset: ULCER-A

ICARUS ¢

L[}

— T

—{TH —— T
Cimessure ——T=} e e o s 0 o

ColorClassifier —___ | F— — T 1

Deeplab — [
ASURA-Unet
QTDU-Resnet
GrowCut
UTrack

00 0.2 04 06 08 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 04 06 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

Jaccard Precision Recall F-Measure
Dataset: ULCER-B

ICARUS — [ — T —{ T "+ +—_ T H

ClMeasure [ [ —— | [ » I +H— [T 1+
ColorClassifier —____ [ 1 = = T B — 1T "+ +—{ T
Deeplab ! b T
ASURA-Unet HH
QTDU-Resnet  +—————@ed— el booooeeled s o)
GrowCut — TH
UTrack —{Th
0.0 0.2 0.4 06 0.8 1.0 0.0 0.2 04 06 0.8 1.0 0.0 0.2 04 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

Jaccard Precision Recall F-Measure
Dataset: ULCER-COMBINED

ICARUS —— T+ — T+ —" T +—— +——"_" T

ClMeasure —_____ [ —— = T +=H —(— T +—= +—1 T H-+
ColorClassifier ] }——— . e e
Deeplab ~ ———{II— —— —— - ——
ASURA-Unet —{TH —{Th —{TH —{TH
QTDU-Resnet | - ) s owoors - vou S -
GrowCut —— —— Hl ———
UTrack — [H — ] —1 —{Th

00 0.2 04 06 08 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 04 06 0.8 1.0 0.0 0.2 04 0.6 0.8 1.0

Jaccard Precision

[ Classification-Based

[0 Deep Learning

Recall F-Measure

[ Region-Growing

Figure 10: Segmentation quality of ulcer regions: the higher the better

ger than 46k pixels, the interior estimation step of UTrack-
Seg converges in less than 5 seconds. Considering the appli-
cation scenario, where the app user expects timely analysis
results, UTrack-App has shown to be well-fitted for the seg-
mentation of dermatological wounds in a mobile application.

7. Conclusion

In this work, we proposed the UTrack framework to sup-
port semi-automatic wound measuring and tracking using
mobile devices. The framework provides tools for patients,
caregivers, and health professionals to measure ulcers, store
historical data, visualize measurement results, and track der-
matological wound healing evolution.

The health professional or caregiver can use UTrack-App
to take a photo of the ulcer and inform the patient’s symp-
toms related to the wound, such as pain and itch. The seg-
mentation method UTrack-Seg takes the picture, delineates
the outer outlines of the ulcer and of the reference object

(e.g., aruler) and segments both regions, automatically esti-
mating the wound area in cm? or in®. The framework stores
the new picture, symptoms, and the analysis results in a local
database. If needed, when the automatic estimation happens
to be imprecise, the user can manually input a measurement
unit (cm or in). The algorithm uses this information to im-
prove the estimation. The mobile application UTrack-App
assists the users in visualizing the healing evolution, provid-
ing charts with the wound size evolution along time and the
frequency of reported symptoms.

UTrack-Seg has the advantage of being unsupervised, re-
quiring only a rough outline around the wound region. The
studies show that UTrack-Seg segmented dermatological ul-
cers with F-Measure of 0.9, on average. The proposed seg-
mentation method outperformed its competitors, presenting
consistent and accurate results to assist health professionals
in tracking dermatological ulcer evolution. Moreover, it is
fast enough to be helpful in daily health care practice. For
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Dataset: ULCER-A
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Figure 11: Segmentation quality: UTrack-Seg outperformed its competitors and accurately
segmented wound regions.
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Figure 12: Segmentation quality according to the im-
age brightness, considering the dataset ULCER-COMBINED:
UTrack-Seg (redish graph) outperforms ASURA (blackish
graph) at both high and low values of brightness.

example, UTrack-App can execute the ruler segmentation,
wound segmentation, and ulcer measurement tasks typically
in less than 30 seconds when using the most common image
resolution of 1080 x 1920 pixels.

UTrack is also dependable. UTrack outperformed the
manual measurement of a centimeter in 3 out of 5 evaluated
measurement tools. A manual measurement estimation can
be used to correct the cases where the method is not precise
enough. Importantly, UTrack-App does not require internet
connection nor data transfer, performing all tasks locally (on
the mobile device). However, when required, a user can gen-
erate a report and share it with a health professional using
some communication applications. All images, related in-
formation, and results are stored on the mobile device, with-
out patient identification, for privacy reasons. A subject of
future work is to improve the framework in a version to allow
professionals to manage and visualize data from several sub-
jects and provide evolution prognostics and treatment direc-
tions. However, such features are outside the scope of this
paper since such a tool requires proper approval by ethics
committees and is intended only for health care profession-
als. We also intend to explore augmented reality (AR) tech-
nology to take advantage of mobile cameras’ technical pa-
rameters as an alternative to measure the wound area.

Images used for training are from:
mmm Different dataset NN\ Same dataset

(a) Test dataset ULCER-A

TR ERER
Cdddd
- IR B
C Al
g §i§ § :

o
=<
I
Q
%]
C
=
o
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Figure 13: The ASURA approach trained on different datasets:
in (a), the models were used to segment images from ULCER-
A. In (b), the models were used to segment images from
ULCER-B. The built models do not generalize well for distinct
image characteristics.
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c 5
o~4 —
35 53 15
EsS3 . ®s
o) L2 = O 10
432 .ot R
[ ~ e b Ev
(J] 5 o4 [J]
‘8 c1 Py e 8& 5
TSR Vs
C
= o0 - 0
0 2 4 6 0 2 4 6
Wound Size (pixels) 1e6 Wound Size (pixels) 1e6
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