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Abstract

Background and Objectives: Bedridden patients presenting chronic skin
ulcers often need to be examined at home. Healthcare professionals follow
the evolution of the patients’ condition by regularly taking pictures of the
wounds, as different aspects of the wound can indicate the healing stages
of the ulcer, including depth, location, and size. The manual measurement
of the wounds’ size is often inaccurate, time-consuming, and can also cause
discomfort to the patient. In this work, we propose the Automatic Skin Ulcer
Region Assessment (ASURA) framework to accurately segment the wound
and automatically measure its size.
Methods: ASURA uses an encoder/decoder deep neural network to perform
the segmentation, which detects the measurement ruler/tape present in the
image and estimates its pixel density.
Results: Experimental results show that ASURA outperforms the state-
of-the-art methods by up to 16% regarding the Dice score, being able to
correctly segment the wound with a Dice score higher than 90%. ASURA
automatically estimates the pixel density of the images with a relative error
of 5%. When using a semi-automatic approach, ASURA was able to estimate
the area of the wound in square centimeters with a relative error of 14%.
Conclusions: The results show that ASURA is well-suited for the problem
of segmenting and automatically measuring skin ulcers.

Keywords: skin ulcer, image segmentation, deep convolutional neural
networks, wound measurement
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1. Introduction

Clinical environments are increasingly improving the capability of generat-
ing large amounts of images, exams, and related information. Advances in
technologies such as cameras, storage infrastructure, and clinical equipment
improve the information quality [1, 2]. Bedridden patients, due to specific
health conditions, need to be examined at home. This is the case of patients
presenting chronic skin wounds, referred to as skin ulcers.

Skin ulcers appear due to different reasons, including poor blood circula-
tion, injuries, infections, tumors, and other skin conditions [3, 4, 5]. The vi-
sual appearance of the wounds can provide clinical signs that lead healthcare
professionals during the diagnosis process. Venous skin ulcers are wounds
with different healing stages, namely fibrin, granulation, callous and necro-
sis. Healthcare professionals and caretakers follow-up the healing evolution
of the patients by regularly taking photographs of the wound. The healing
time of each wound depends on multiple factors, including depth, location,
patient age, local and systemic disease, as well as the wound size [6].

The introduction of Deep Learning (DL) techniques [7] has motivated
several works to use Convolutional Neural Networks (CNNs) on the medical
domain. Photograph images have been used to recognize melanomas by seg-
menting [8, 9, 10] or classifying [11, 12] them, for foot ulcer segmentation [13]
and pressure ulcer segmentation and classification [14]. However, to the best
of our knowledge, there are few works that deal with skin ulcer images using
DL techniques [15]. Those works do not provide the wound measurement
considering the real world unit where the image was taken from, as our pro-
posed method does.

In this paper, we are particularly interested in automatically assessing
the wound area of skin ulcer images. This task requires two major steps:
to segment the ulcer region and to evaluate the wound area attributes. The
image segmentation task refers to locating the boundary between the wound
and the surrounding skin [16]. Measurements of ulcer attributes, such as
their size, and their comparison with previous measurements, allow health
professionals to assess patient health outcomes. The ulcer area estimation is
usually performed manually, which can be a time consuming and inaccurate
task [17], besides being a source of discomfort to the patients. Accurate and
automatic wounds measurement strongly relies on well-segmented regions.
Existing works lack the required accurate segmentation, as they focus more
on the retrieval and classification tasks [4, 1, 18, 17, 19].
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Based on such a scenario, in this work we propose the Automatic Skin Ul-
cer Region Assessment (ASURA) framework. ASURA uses CNNs and auto-
matically detects and segments the ulcer wounds and the measurement tools
depicted in the images, such as measurement rulers and/or tapes. ASURA
automatically computes the wound size, helping healthcare professionals and
caretakers in the analysis of the patient’s image and healing evolution. Ac-
cordingly, the contributions of ASURA are two-fold:

• Segmentation: ASURA segments regions depicting skin ulcers and
measurement rulers/tapes using deep CNN; and

• Area measurement: ASURA automatically computes the area of the
wound in real-world units, based on the pixel density information and
the segmented measurement ruler/tape.

We provide an extensive experimental analysis, comparing our proposal with
the state-of-the-art methods for skin ulcer segmentation. Regarding the
wound area measurement, we compare the obtained results of ASURA with
manually annotated segmentations, showing the high precision of our method.

Paper outline. Section 2 presents the challenges regarding the wound
area estimation task. Section 3 discusses basic concepts used in this paper.
Section 4 discusses the related work. Section 5 details the ASURA frame-
work. Section 6 presents the materials and methods used in our evaluation.
Section 7 presents the experimental results and the corresponding discus-
sion. Finally, Section 8 concludes our work. For reproducibility, our code is
open-sourced at https://github.com/chinodyt/asura.

2. Area Estimation Challenges

To follow-up the healing evolution of a wound, healthcare professionals need
to quantify their visual characteristics. In this paper, we focus on how to
measure its main attributes. Several non-automatic standard protocols exist
to measure the wound’s area [20]. The quickest and most used one is to cal-
culate the area of the minimum bounding rectangle (MBR) using the longest
length of the wound by the largest perpendicular width with a ruler/metric
tape (Figure 1(a)). Another method covers the wound with a transparent
plastic film, and the physician or a trained healthcare professional trace the
border of the wound with a pencil marker. The area is calculated by counting
how many squares the wound covers (Figure 1(b)). However, those methods
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are invasive (demand some contact with the wound) and may be imprecise.
One way to overcome this problem is to take advantage of digital images and
automatize the process.

(a) MBR (b) Transparent film

Figure 1: Example of standard protocols to asses the wound area size.

Different from other medical images, such as CT (computerized tomogra-
phy) scans, MRI (magnetic resonance imaging) and ultrasound, there is no
specific equipment to capture images of skin wounds. Healthcare profession-
als take pictures from the whole wound and perform comparisons spanning
distinct healing stages at different periods using different equipments. Usu-
ally, the pictures are taken using digital cameras or smartphones.

Figure 2: Example of measurement rulers/tapes.

The area of the wound can be calculated using an image processing soft-
ware, e.g., ImageJ [21]. However, the images may have different scales, since
there is no standard protocol regarding the position of the camera while tak-
ing the pictures. For this problem, healthcare professionals use a reference
object, such as rulers or metric tapes, while taking the picture. Figure 2
shows examples of measurement rulers/tapes that are used by healthcare
professionals. Therefore, it is possible to estimate the area of the wound in
a real-world unit. However, these tasks are tedious and can be inaccurate,
when such measurement is manually done, as the number of patients grows.
An automatic and accurate wound segmentation and measurement approach
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is the main challenge we address in this paper. On the next section, we will
discuss segmentation methods for wound regions in ulcer images.

3. Background

One of the concepts used in this work is to use deep convolutional neural net-
works to perform a semantically rich segmentation. Nowadays, deep CNN
are largely used in image recognition tasks [22]. A CNN consists of a series
of convolution operations, which encodes an image into a feature map, and
can be used to perform image segmentation. Deep architectures designed for
segmentation interpret the feature map as a segmentation mask. The Fully
Convolutional Networks (FCN) [23] learns to make a pixel-wise prediction of
the input image, which generates a mask as output. The SegNet [24] decodes
the feature map by upscaling and using a series of convolutions. However,
those networks require thousands of annotated training samples. To over-
come this, Ronneberger et al. [25] proposed the U-Net, an encoder/decoder
FCN able to deal with a smaller training set. In U-Net, the decoder re-
ceives a copy of the output of the activation layers and concatenates it with
the upscaling tensor. In this way, U-Net can pass the spatial information
lost in the encoder step to the corresponding decoder layers, improving the
segmentation output.

Another segmentation method is the DeepLab [26], which uses atrous
convolutions to upscale the features. Atrous convolutions allow enlarging the
field of view of filters with a simpler architecture. Several extensions were
proposed to improve the DeepLab model. First, they used atrous spatial
pyramid pooling to allow the representation of objects in multiple scales.
Then, they improved the capability of the DeepLab model to capture sharper
object boundaries by using an encoder-decoder with atrous convolutions.
The latest iteration, the DeepLabv3+ [26], includes an effective decoder to
refine the segmentation. On the encoder, the max pooling operations are
replaced with depth-wise separable convolutions. The decoder concatenates
the encoded features upscaled by a factor of 4 with the corresponding low-
level features.

Some FCN integrate feature maps from multiple convolutional layers to
improve the image segmentation results. The Contextual Aggregating Net-
work (CAN) [27] detects objects using context clues, and aggregates feature
maps from intermediary convolutional layers to identify shapes and bound-
aries in the image. The Multi-Scale Deep Context Convolutional Network
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(MDCCNet) [28] integrates the three deepest convolutional layers using Con-
ditional Random Fields (CRF). By employing a densely connected CRF
postprocessing, it was possible not only to detect the object shapes and
boundaries, but also to eliminate false positives in the segmentation process.
Finally, both CAN and MDCCNet are FCN-based approaches focused on
segmenting generic objects, such as planes, cars, and buildings, which are
different from images used in the medical and healthcare systems.

4. Related Works

There are a few works that deal with skin ulcer images. Dorileo et al. [4]
proposed an image segmentation method, which is based on the analysis of
the RGB channels of the image. Dorileo et al. took advantage of a controlled
environment to obtain the images. Since all images had a blue background,
they discarded the blue channel and also used the intensity channel of the
HSI (hue, saturation, intensity) color space. Each channel is used to find a
distinct type of tissue: fibrin, granulation, and necrotic. For each channel,
the method automatically finds thresholds and process the discovered regions
by focusing on blobs near the center of the image. The main problem of this
method is the need for a controlled environment.

Another skin ulcer segmentation method was proposed by Seixas et al. [18].
Seixas et al. employed off-the-shelf classifiers to segment the ulcer images.
They extracted pixel-wise color features, the mean value of the neighborhood
of the pixel, and the difference of the pixel value and the mean beforehand
mentioned. The authors segmented a training set of images to isolate the
wound region.

There are also some works that use segmentation as an intermediary step
for different tasks, such as classification and image retrieval. Pereyra et al. [1]
employed texture features and a k-nearest-neighbor classifier, creating a con-
fusion matrix to distinguish the images among granulation, fibrin, or mixed
tissues. As a processing step, Pereyra et al. proposed a segmentation step
based on a multivariate gaussian mixture model. The clusters were manu-
ally selected in a Graphical User Interface (GUI) to output the segmentation
mask.

A few other methods use superpixels algorithms as intermediate steps
to simplify the image complexity. Blanco et al. [17] proposed the Counting-
Labels Similarity Measure (CL-Measure), a similarity measure based on color
and shape features. Blanco et al. segment the image by classifying features
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extracted from superpixels. Chino et al. [19] proposed Imaging Content Anal-
ysis for the Retrieval of Ulcer Signatures (ICARUS), an image retrieval based
on bag-of-visual words. ICARUS segments the wound parts of the image to
improve the retrieval precision. The segmentation is also based on superpix-
els classification.

Silva et al. [29] proposed 2PLA (Two-Phase Learning Approach), a
superpixel-based approach for the segmentation of lower limbs presenting
dermatological ulcers. The first phase of 2PLA removes the background re-
gion of the image using pixel-wise classification and mathematical morphol-
ogy, resulting in an intermediary segmentation image of the limb presenting
the ulcer. The second phase extracts superpixels from the segmented im-
age, further grouping similar superpixels. As the output, 2PLA provides
a pixel-wise area quantification of each resulting group of superpixels. Al-
though 2PLA presents very promising results on the segmentation of limbs,
it does not segment the wound region. Therefore, the quantification of each
region is performed on all regions containing both healthy skin and wound
tissues. This does not meet the requirement of measuring the wound area
only, which is important for the follow-up on the evolution of dermatologi-
cal ulcers by the specialists. Another drawback is that 2PLA was designed
to work on images with a white or bluish homogeneous background, colors
that are not expected to be within the visual aspect of dermatological ulcers
or skin. They employed the dataset available in [3]. Our method, on the
other hand, segments and quantifies the wound region, independently on the
background color.

Blanco et al. [15] proposed QTDU, a deep-learning-based approach to
analyze dermatological wounds using superpixels. QTDU uses CNNs for
the wound segmentation, and rely on superpixel approaches to divide im-
ages into regions. Their method feeds the network with superpixel regions
instead of single images. QTDU uses the CNN networks ResNet and Incep-
tionV3. The authors added six new layers at the end of the underline CNN,
where the final layer provides the label for the superpixel. The special-
ists that labeled their training data (using superpixel regions) picked images
from the dataset at random, aiming at maximizing diversity regarding tis-
sue dominance, skin color, age, and treatment [15]. The dataset employed
is the same reported in works [29, 3], where every image have white and
bluish color in the background. Their results on classification seem promis-
ing (with up to 0.986 of AUC), but they heavily depend on the superpixel
approach, which should adequately adhere to the wound borders. Moreover,
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they focus on the classification of the different wound tissues into one of the
labels L = {Not Wound, Fibrosis, Necrosis, Granulation}. QTDU does not
segment the rules/tapes present in the images, and the estimation of the
wound area consists of counting the number of pixels inside the segmented
area of each found tissue and checking this value proportionally to the num-
ber of pixels of the entire image.

Table 1 compares our proposed method with the existing methods for skin
ulcer segmentation. The majority of methods are able to segment skin ulcer
wounds, except for 2PLA, which focuses on segmenting the limbs with skin
ulcers. Some methods use superpixels to reduce the complexity of the image
while doing the segmentation, which can compromise the wound segmenta-
tion. One important aspect of ASURA is the detection of the measurement
tools, which only the DL based methods can achieve after proper training.
However, none of the aforementioned related works can measure the seg-
mentation area of the wound using real-world units. Our proposed method,
on the other hand, converts the size of the wound into squared centimeters
(cm2), which is the measure used in the daily routine of medical practitioners.

Table 1: Summary of different methods to segment skin ulcer wounds.
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5. ASURA

In this section, we introduce the Automatic Skin Ulcer Region Assessment
(ASURA) framework, which measures the area of wounds on skin ulcer im-
ages. ASURA takes advantage of a deep learning approach to segment the
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skin ulcer wound. By analyzing objects such as measurement rulers/tapes on
the images, ASURA is able to estimate the area of the ulcer wound in real-
world units. ASURA works performing two steps: (A) Ulcer Segmentation
and (B) Pixel Density Estimation. Figure 3 shows the ASURA’s architec-
ture. ASURA also offers an interactive GUI in which the user can analyze
the provided automatic Pixel Density estimation. Alternatively, the user has
the option of interacting with the system and setting a more suitable Pixel
Density.

Figure 3: ASURA framework.

5.1. Ulcer Segmentation

In the segmentation step, ASURA receives a skin ulcer RGB image and
outputs a segmentation mask with both the wound and the measurement
ruler/tape. Ulcer Segmentation is based on a convolutional deep neural net-
work, previously developed for image segmentation. Since the size of the
training dataset is limited, ASURA uses an architecture model based on the
U-Net [25], which has shown to be appropriate for this scenario.

Figure 4 shows the model of the architecture used. The network consists
of an encoder and a decoder. First, ASURA receives as input an RGB image
with arbitrary resolution. Since the input layer of the network is a tensor of
size (512x512x3), the image is resized to a 512x512 resolution. The encoding
phase consists of repeatedly applying two 3x3 padded convolutions followed
by an exponential linear unit (ELU). A 2x2 max pooling then halves the
tensor size. The decoder consists of repeatedly applying a 2x2 deconvolu-
tion, which halves the depth of the tensor. This tensor is then concatenated
with the corresponding tensor on the encoding phase. Then, two 3x3 padded
convolutions followed by an exponential linear unit (ELU) are applied once
more. The output layer of the network is a 1x1 sigmoid convolution to map
the 16 layers of the decoded tensor into the three classes (wound, measure-
ment ruler/tape, background). In the final step, the output tensor is resized
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Figure 4: The architecture of the network used by ASURA. The blue tensors are encoders
and the red tensors are decoders.

to the resolution of the input image. A heaviside step function is applied to
the resized segmentation mask.

5.2. Pixel Density Estimation

After the Ulcer Segmentation step, ASURA processes the objects resembling
the measurement rulers/tapes present in the image to estimate the Pixel
Density (λ) of the image. With the segmentation mask and knowing the
Pixel Density of the image, it is possible to estimate the area of the wound
in real-world units. Figure 5 shows the steps used by ASURA to estimate λ.

The Pixel Density Estimation step receives as input the image and a
segmentation mask of the ulcer wound, as well as the measurement ruler/tape
obtained in the first step of ASURA. Although there are at least five different
rulers/measurement tapes (Figure 2), they all belong to the same class. The
following steps are applied to all rulers/measurement tapes. (a) Using the
segmentation mask, ASURA crops the measurement ruler/tape and deletes
the image’s background (Figure 5(a)). (b) To simplify the measurement
ruler/tape processing, ASURA finds the orientation of the ruler and rotates
the image horizontally (Figure 5(b)). (c) On the next step, ASURA binarizes
the image (Figure 5(c)). The image is converted to grayscale and passes
through an auto-threshold method using the ISODATA algorithm. Then,
a vertical edge detector filter is applied to the binarized image. (d) After
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(a) (b) (c)

(d) (e) (f)

Figure 5: Pixel Density Estimation steps. (a) Find and crop the measurement ruler/tape
in the image. (b) Rotate the measurement ruler/tape. (c) Binarize the image. (d) Detect
lines in the image. (e) Keep only the most frequent parallel lines. (f) Group ticks by size
and calculates the distance between ticks.

the edge detector filter, ASURA uses the Line Segment Detector (LSD) [30]
to find the ticks of the measurement ruler/tape (Figure 5(d)). (e) With
the ticks detected as line segments, ASURA groups them by its angle and
keeps only the most frequent parallel ticks (Figure 5(e)). To do so, ASURA
analyzes the distribution of the angles and considers only the angles within
a threshold of 5 degrees of the angle with the highest probability. (f) As
the last step, ASURA groups the ticks by size and calculates the distance in
pixels between the ticks in each group (Figure 5(f)). Once again, ASURA
analyzes the distribution of the calculated distances and returns the distance
with the highest probability. It is important to note that some images may
have more than one measurement ruler/tape. On these cases, these steps are
repeated for each segmented measurement ruler/tape. Algorithm 1 shows
how ASURA estimates the Pixel Density λ.

The area of the wound can be estimated using Equation 1, where |Mask|
is the size of the wound from the segmentation mask.

A =
|Mask|
λ2

(1)

5.3. Graphical User Interface (GUI)

ASURA has an interactive GUI that allows the user to browse the image and
to analyze the segmentation of the outputted mask and the Pixel Density
estimation. The interactive interface also allows the user to indicate a better
Pixel Density estimation when needed.
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Algorithm 1 Pixel Density Estimation algorithm.

Require: I: input image, Mask : segmentation mask
Ensure: λ: distances in pixels between ticks

1: rulerI , rulermask ← cropRuler(I, Mask)
2: rulerI ← findAngleAndRotate(rulerI , rulermask)
3: rulerbw ← binarizeImage(rulerI)
4: ruleredge ← verticalLineFilter(rulerbw)
5: lines← detectLines(ruleredge)
6: lines0 ← getMostFrequentParallel(lines)
7: L← groupBySize(lines0)
8: λ← ∅
9: for all li ∈ L do

10: λi ← calculateDistance(li)
11: Add λi to λ
12: end for
13: return λ

Figure 6 shows the ASURA’s GUI. On the area highlighted in green (1),
the user can see the input image and the output of the Ulcer Segmentation.
On the area highlighted in blue (2), the user can draw a line on the measure-
ment ruler/tape image to indicate the length of the real world unit he/she
desires. If the user indicates the length, ASURA shows the segmented area
in this real world unit. Finally, on the area highlighted in red (3), ASURA
shows the Pixel Density estimation. ASURA marks the detected ticks and
assumes the red line below the measurement ruler/tape as the estimated dis-
tance between the ticks. If ASURA detects more than one tick size, it uses a
different color for each tick size. The user can input a value to multiply the
estimated Pixel Density to estimate the segmented area in real-world units.

6. Materials and Methods

We evaluated the performance of ASURA to estimate the area of the wounds
in ulcer images. To carry the evaluation of ASURA, we run two sets of exper-
iments: Ulcer Segmentation and Pixel Density estimation. We implemented
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Figure 6: ASURA’s interactive graphical user interface.

ASURA in Python with the Keras library1, using TensorFlow2 backend. All
experiments were carried out on a 4.20GHz Intel Core i7-7700k CPU with
16GB RAM and an NVIDIA Titan Xp with 12GB GDDR5X, running Cen-
tOS 7.

6.1. Datasets

We evaluated ASURA on two skin ulcer datasets: ULCER and ULCER-2.
ULCER [3] is composed of 217 dermatological images that originated from
both venous or arterial insufficiencies. The wounds were located on the infe-
rior limbs with different sizes and healing stages. Only one wound per patient
was included, and the majority of the patients’ skin color was white. The
ULCER-2 is composed of 229 dermatological images taken from 23 patients of
the Learning Health Center of the University of Sao Paulo, at Ribeirao Preto,

1https://keras.io/
2https://www.tensorflow.org/
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also originated from both venous or arterial insufficiencies. The wounds were
also located on the inferior limbs with different sizes and healing stages. For
each patient, a series of images were taken along a period of 90 days, with an
average of 10 images per patient. On both datasets, the images were taken
using a digital camera. However, the acquisition procedure was different.
While ULCER dataset followed a controlled protocol (same equipment, back-
ground, and measurement tape), ULCER-2 has a more diverse set of images,
with different backgrounds and measurement tools. An anonymization pro-
cess removed personal data. For both datasets, experts manually segmented
the wound region and the measurement ruler/tape to create a ground truth
mask. Figure 7 shows some examples of the images and their respective
masks. The red region on the ground truth mask is the wound area, and the
white region is the measurement ruler/tape placement in the original image.
We also considered the combination of both datasets (ULCER-BOTH). To eval-
uate ASURA, we used 5-fold cross-validation, and the images were randomly
split between the folds such that images from one patient are present in only
one fold.

ULCER ULCER-2

Figure 7: Example of skin ulcer images. The dataset images are on the top row and the
ground truth masks are on the bottom row.

6.2. Data Augmentation

Deep learning models require a large amount of data to correctly learn pat-
terns [7]. Since both ULCER and ULCER-2 are small datasets, we used data
augmentation to increase the robustness of ASURA. The images and masks
were augmented using a series of random geometric transformations (transla-
tion, scale, and rotation). Each image was translated by a random value up
to 10% of the width/height of the image. Each image was rotated by a ran-
dom angle between −15° and 15°. Finally, each image was scaled up/down
by a random value between 0.8 and 1.2. Points outside the image that are
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now visible were filled with a background color (black). Figure 8 shows ex-
amples of these transformations. Each mask received the same geometric
transformations of its corresponding image. Table 2 shows the number of
original images and augmentation images for each dataset.

Original Variations

Figure 8: Examples of images generated by data augmentation.

Table 2: Number of images on each dataset.

Dataset Size Size After Augmentation

ULCER 217 1519
ULCER-2 229 1603

ULCER-BOTH 446 1784

6.3. Pixel Density Estimation

In this section, we detail the measures used to evaluate how well ASURA can
estimate the area of the wound on a real-world unit of measurement, e.g.,
squared centimeters (cm2). The area A of a wound can be computed using
the Pixel Density (λ). Thus, the area can be obtained using A = |Mask|/λ2,
where Mask is the segmentation mask of the wound. On this experiment
we estimated the Pixel Density in pixels per centimeter (pixel / cm). For
evaluation purposes, an expert drew a one-centimeter line in each image with
the ASURA GUI. By measuring the length in pixels of this line, it is possible
to obtain the real Pixel Density (λreal) of each image. The one-centimeter
line is marked by a red line in the ASURA GUI.

Since ASURA can estimate more than one Pixel Density (λ) per mea-
surement ruler/tape (distance between small ticks or distance between large
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ticks), the best estimation is chosen (λest). It is important to note that some-
times the chosen λchosen can be equivalent to a fraction of the desired unit.
In this case, λchosen must be multiplied by the corresponding factor, e.g., if
λchosen is equivalent to one millimeter, the estimated Pixel Density for one
centimeter is λest = 10×λchosen. Using Equation 1 and the values of λreal and
λest, we can calculate four different areas in real-world unit of measurement:

• Ground Truth Area (Agt): size of the wound on the ground truth
mask and λreal;

• Real Area (Areal): size of the wound on the ground truth mask λest;

• Estimated Area (Aest): size of the wound on the ASURA segmenta-
tion mask and λest;

• MBR Area (Ambr): size of the MBR (Section 2) on the ground truth
mask and λreal.

To evaluate the results obtained by ASURA, we calculated the relative
error E in percentage, which can be calculated using Equation 2.

Ev =
|v − v̂|
v
× 100% (2)

where v can be any variable (λest, Areal and Aest), v is the true value of the
variable and v̂ is the estimated value of the variable.

7. Results and Discussion

In this section, we show the performance of ASURA to segment ulcer images
and estimate the area of the wounds.

7.1. Ulcer Segmentation Evaluation

The first set of experiments evaluated how well ASURA segmented the skin
ulcer images. We compared ASURA with DeepLabv3+ [26], QTDU [15],
CL-Measure [17], ICARUS [19] and a Pixel Color Classification Segmenta-
tion (Color Classification). During the training of the DL based methods, we
used the Dice Score as the objective function and the same amount of epochs
for ASURA and DeepLabv3+. For the DeepLabv3+ method, we used the
Xception as the backbone. For the QTDU, we used the ResNet to classify the
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superpixels. For both CL-Measure and ICARUS we considered the super-
pixel classification step as a segmentation algorithm. For both CL-Measure
and QTDU, we considered the different healing stages of the wound (fibrin,
granulation, callous, and necrosis) as the same label (wounded tissue). Al-
though Dorileo et al. [4] and Pereyra et al. [1] proposed ulcer segmentation
algorithms, they were not directly compared with ASURA for the sake of
fairness. Dorileo et al. was designed for a controlled environment, and every
image needs a blue background. Since we are also considering images outside
this scope, the results obtained by Dorileo et al. would be severely harmed.
Pereyra et al. was not considered because it requires the manual selection
of the correct clusters. For this step, we focused on automatic segmentation
methods. To evaluate the overall effectiveness of all methods, we run each
segmentation method in every image of each test dataset. Then, we calcu-
lated five measures: Jaccard Coefficient, Dice Score/F1-Score, Precision, and
Recall. All results shown in this section are the average of every image. Ta-
ble 3 shows the results obtained by all methods on the ULCER, ULCER-2 and
ULCER-BOTH datasets. Our experiments showed that ASURA outperformed
the competitors on all datasets.

For each dataset, ASURA achieved values above 83% for the Jaccard Co-
efficient and above 89% for the other measurements. On the ULCER, ASURA
was 19% better than QTDU and DeepLabv3+. While comparing with non
DL based methods, ASURA was 37% better than ICARUS, 39% better than
CL-Measure and 62% better than Color Classification on the Jaccard Coeffi-
cient. When comparing the Dice Score and F1-Score, ASURA was 12% better
than DeepLabv3+, 13% better than QTDU, 27% better than the ICARUS,
29% better than CL-Measure and 52% better than Color Classification. Ac-
cording to the authors, for this dataset, Pereyra et al. [1] achieved a Jaccard
Coefficient of only 56%. When comparing Precision, ASURA was 14% and
15% better than QTDU and DeepLabv3+ respectively. Comparing Recall,
ASURA was 6% and 9% better than DeepLabv3+ and QTDU respectively.

A similar behavior occurred with ULCER-2 dataset. ASURA was 28% bet-
ter than QTDU, 44% better than DeepLabv3+, 48% better than ICARUS,
64% better than CL-Measure and 57% better than Color Classification on the
Jaccard Coefficient. When comparing the Dice Score and F1-Score, ASURA
was 20% better than QTDU, 34% better than DeepLabv3+, 41% better than
ICARUS, 58% better than CL-Measure and 48% better than Color Classi-
fication. When comparing Precision, ASURA and DeepLabv3+ achieved a
similar result. However, ASURA was able to achieve a Recall 45% better
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Table 3: Evaluation of the segmentation methods on each dataset. The highlighted line
is our proposal and the bold values are the best results. All values are in percentage.

Method Jaccard
Dice /

F1-Score
Precision Recall

U
L
C
E
R

ASURA 83 ± 19 89 ± 16 91 ± 14 90 ± 17

QTDU 67± 23 77± 21 78± 22 81± 19
DeepLab 68± 20 78± 18 78± 21 84± 16
CL-Meas. 50± 24 63± 25 72± 26 64± 29
ICARUS 52± 23 65± 23 76± 25 63± 26
Col. Class. 31± 22 43± 26 42± 30 64± 23

U
L
C
E
R
-
2

ASURA 84 ± 10 91 ± 7 93 ± 7 90 ± 10

QTDU 60± 20 73± 19 77± 20 75± 21
DeepLab 47± 24 60± 25 92± 17 49± 26
CL-Meas. 30± 29 38± 35 50± 42 38± 36
ICARUS 44± 30 54± 32 74± 33 51± 34
Col. Class. 36± 26 47± 30 63± 35 50± 33

B
O
T
H

ASURA 84 ± 16 90 ± 13 92 ± 12 91 ± 13

QTDU 64± 21 76± 20 79± 21 77± 20
DeepLab 64± 22 75± 21 83± 19 76± 25
CL-Meas. 39± 28 50± 32 61± 36 50± 35
ICARUS 46± 26 58± 28 75± 30 55± 31
Col. Class. 31± 23 43± 27 58± 35 45± 29

than DeepLabv3+.
While processing the combined dataset (ULCER-BOTH), ASURA was still

able to correctly segment the wound regions in the skin ulcer images. ASURA
was 23% better than QTDU and DeepLabv3+, 45% better than ICARUS,
54% better than CL-Measure and 63% better than Color Classification on the
Jaccard Coefficient. When comparing the Dice Score and F1-Score, ASURA
was 16% better than QTDU and DeepLabv3+, 36% better than ICARUS
(the second best method), 44% better than CL-Measure and 52% better
than Color Classification. When comparing Precision, ASURA was 9% better
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than DeepLabv3+ and 14% better than QTDU. And when comparing Recall,
ASURA was 15% better than QTDU and 17% better than DeepLabv3+.
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Figure 9: Box plot for the evaluation of the segmentation methods on each dataset, the
Y axes are in percentage. The black diamonds represent outlier values from the box plot
visualization.

Figure 9 shows a box plot summarizing the distribution of the results. The
outliers are the values outside of the interquartile range times 1.5, as is the
usual approach. It is important to notice that, for every measure, ASURA’s
box plots are shorter and with higher values. On the Jaccard Coefficient,
the majority of ASURA values were above 80%, while the second-best result
(ICARUS) had the majority of the values below 75%. On the Dice/F1-
Score, the majority of ASURA values were above 90%, while on ICARUS,
the majority was below 85%.

Figure 10 gives examples of the segmentation output from the ULCER and
ULCER-2 datasets. On both datasets, ASURA had an output similar to the
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Figure 10: Ulcer segmentation of images from ULCER and ULCER-2.

Ground Truth (GT). For both images, although QTDU and DeepLabv3+
had good results, they still missed segmenting some regions of the wound.
We can note that all methods based on superpixels (QTDU, CL-Measure and
ICARUS ) had problems to segment the wound due to the miss-classification
of their superpixels. Nonetheless, it is possible to note that the use of CNNs
made a huge improvement in the superpixels classification. DeepLabv3+
faced problems to correctly segment the wound due to the small amount of
training data, which favored the U-Net based architecture used by ASURA.
Since Color Classification is pixel-wise, it is unable to segment the whole
wound correctly. Thus some pixels inside the region were not considered as
part of the wound.

Figure 11 exemplifies bad segmentation outputs generated by ASURA
for ULCER and ULCER-2 datasets. On the top row of Figure 11, ASURA
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considered parts of the wound as healthy/background. A reason for this
mistake was the presence of a shine region on that part of the wound. ASURA
also had a poor performance while segmenting images with small wounds
(bottom row of Figure 11). For this image, ASURA achieved a Jaccard
Coefficient of 25.85% and a Dice Score of 41.08%. A reason for this poor
performance on images with small wounds is because ASURA has to resize
the images to the input tensor size (512 × 512) and later resize the output
tensor to the original size. The wound on this image has 147 pixels, and the
ASURA output has only 38 pixels, which is not sufficient for the superpixel
segmentation method to work properly.

Input GT ASURA

Figure 11: Cases where ASURA had a poor segmentation performance.

7.2. Pixel Density Estimation Evaluation

In this experiment, we evaluated how well ASURA can estimate the area of
the wound on a real-world unit of measurement, e.g., squared centimeters
(cm2). We calculated the relative error for every image in the test set. The
results shown in this section are the average over every image.

Table 4 shows the relative error of the estimated Pixel Density (λest), real
area (Areal), estimated area (Aest) and the MBR area (Ambr). By calculating
the relative error of Areal, we can estimate the impact of the ASURA’s Pixel
Density estimation, the relative error of Aest shows how well ASURA can
estimate the wound area in cm2 and the relative error of Ambr shows how
the simplest manual estimation is less reliable than ASURA. ASURA had
the best result on ULCER-2, estimating λest with a relative error of 4.7%, the
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error while calculating the area Areal was of 11.2% and the area Aest had an
error of 17.2%. On ULCER, ASURA was able to estimate λest with a relative
error of 8%. Using the λest to calculate the Areal, ASURA had a relative error
of 22.2% and the estimated area Aest had an error of 33.9%. ULCER-BOTH

had errors between ULCER-2 and ULCER. Moreover, ASURA was up to 31%
better than the area estimation using the ruler method (Ambr).

Table 4: Relative error (%) of the Pixel Density and area estimation.

Dataset
Relative Error (%)

λest Areal Aest Ambr

ULCER 8.0 22.2 33.9 52.7
ULCER-2 4.7 11.2 17.2 48.1

ULCER-BOTH 6.3 16.6 30.5 50.4

Figure 12 shows some examples of Pixel Density estimations. Figure 12(a)
shows a measurement tape where ASURA correctly estimated a λ equiva-
lent to 1.0 cm. The estimated Pixel Density is λest = 116 pixels/cm and
the ground truth is λreal = 115 pixels/cm. Figure 12(b) shows a measure-
ment tape where ASURA estimated two different λ, one for the smaller ticks
(λred) and one for the larger ticks (λgreen). On this measurement tape, the
smaller ticks are the millimeters (mm), and the green ticks are the cen-
timeters. For this measurement tape λreal = 100 pixels/cm, the estimated
λred = 11 pixels/mm and λgreen = 101 pixels/cm. Figure 12(c) shows a
measurement tape with more details (colored squares). Even with a more
complex object, ASURA was able to correctly estimate the Pixel Density.
Once again, ASURA estimated two variations of the Pixel Density, λred = 47
pixels/(2×mm) and λgreen = 231 pixels/cm, the ground truth is λreal = 240
pixels/cm.

However, ASURA was not able to correctly estimate the Pixel Density
on some images. While trying to detect the ticks on some images, ASURA
wrongly detected the vertical lines on the text as ticks. Other images also
have a bright spot on regions of the measurement tape, leading ASURA
to fail in detecting the ticks on those regions. Measurements of the Pixel
Density performed by ASURA with a high relative error can be manually
fixed by the user (specialist). Table 5 shows the relative errors with the
aid of an expert. By replacing the wrong estimations, we had a reduction
of up to 2.3% on the relative error of the Pixel Density on all datasets.
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(a) (b) (c)

Figure 12: Pixel Density estimation on different measurement tapes. The red horizontal
lines on the top row are the expected length corresponding to 1cm. The red and green
lines on the bottom row are the ASURA’s estimated distance between the ticks with the
same colors, as described in Section 5.2.

We reduced the relative error on the area Areal by 9.4%, 3% and 6.2% on
the ULCER, ULCER-2 and ULCER-BOTH respectively. The relative error on
the area Aest is reduced by 9%, 2.3% and 6% on the ULCER, ULCER-2 and
ULCER-BOTH respectively. Although the user must input a new value of Pixel
Density on some estimations, the majority of the images have less than 20% of
relative error. All datasets have more than 90% of estimations with a relative
error lower than 20%, the ULCER has 92.4%, the ULCER-2 has 96.3% and the
ULCER-BOTH has 94.4%. This shows that by replacing only a few estimations,
we can improve the area estimation by up to 9%. When comparing with the
error of area Ambr, ASURA was 27%, 33% and 26% better than the manual
estimation on the ULCER, ULCER-2 and ULCER-BOTH respectively.

Table 5: The relative error, in percentage, of the Pixel Density and area estimation with
the aid of a human expert.

Dataset
Relative Error (%)
λest Areal Aest

ULCER 5.7 12.7 25.0
ULCER-2 3.7 8.2 14.8

ULCER-BOTH 4.7 10.4 24.5

8. Conclusions

In this paper, we proposed the ASURA framework to segment and estimate
the wound area of a skin ulcer image. ASURA uses an encoder/decoder
deep neural network to segment the wound from the image. The comparison
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of ASURA with methods built on traditional image processing algorithms,
such as CL-Measure and ICARUS, has revealed that the deep learning ap-
proaches presented way better results. ASURA also detects the measurement
ruler/tape present in the image and automatically estimates the image’s pixel
density. This allows an accurate size measurement of the wounds. Accord-
ingly, the main contributions of this paper are:

• Segmentation: ASURA was able to correctly segment the wound
regions with a Dice score greater than 90%, being up to 16% better
than the state-of-the-art methods (QTDU and DeepLabv3+) in both
datasets (ULCER-BOTH); and

• Area measurement: ASURA was able to automatically estimate the
pixel density of the images with a relative error of 5.6% and semi-
automatically able to estimate the wound area in cm2 within a relative
error of 12.1%. To the best of our knowledge, this is a novel resource,
highly desired by the physicians and healthcare specialists.
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