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In this study, the different phases of pressure sore generation and healing are investigated through a
combined analysis of high-frequency ultrasound (20 MHz) images and digital color photographs.
Pressure sores were artiﬁcially induced in guinea pigs, and the injured regions were monitored for 21
days (data were obtained on days 3, 7, 14, and 21). Several statistical features of the images were
extracted, relating to both the altering pattern of tissue and its superﬁcial appearance. The features
were grouped into ﬁve independent categories, and each category was used to train a neural network
whose outputs were the four days. The outputs of the ﬁve classiﬁers were then fused using a fuzzy
integral to provide the ﬁnal decision. We demonstrate that the suggested method provides a better
decision regarding tissue status than using either imaging technique separately. This new approach
may be a viable tool for detecting the phases of pressure sore generation and healing in clinical settings.
Crown Copyright & 2011 Published by Elsevier Ltd. All rights reserved.
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1. Introduction
Pressure sores are a major health care issue, speciﬁcally in
patients with impaired mobility or a reduced ability to sense
injury. Unrelieved pressure on tissue causes ischemia, which if
prolonged may result in necrotic tissue and pressure sore formation [1]. Accurate and reliable techniques for assessing the extent
and severity of pressure sores can be very helpful in evaluating
treatment strategies, and even permit early diagnosis of pressure
sore generation. The most popular assessment tools among
clinicians consist of an acetate sheet and a non-allergic liquid
for measuring wound perimeter and volume [2].
Computed tomography (CT), magnetic resonance imaging
(MRI), digital photography, and high-frequency ultrasound
(HFU) have all been studied for the assessment of pressure sores.
CT and MRI are not economical, so cannot be employed in small
ofﬁces and clinics, and the ﬁnal test results are not immediately
available. In addition, they expose the patient to X-rays, injected
dyes and/or magnetic ﬁelds [3]. Digital photography is a simple
and practical way to record a wound’s appearance. A sequence of
digital images can reveal valuable information such as changes in
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the wound’s dimensions and colors [4–9], but using this technique one cannot detect the full extent of tissue damage in cases
where the tissue is undermined [4]. Therefore, by utilizing this
technique alone we may sometimes fail to differentiate phases of
pressure sore generation and healing. HFU provides a means of
studying the structure of undermined tissue [10]. However,
interpreting the data obtained from these systems requires
intensive training.
HFU has been employed for evaluating wounds, including burn
scars, surgery wounds, and pressure ulcers, which has been
shown to be comparable or better at wound assessment than
the aforementioned methods [11–17]. Rippon et al. [12] used
artiﬁcially induced, acute wounds in pigs to demonstrate that
HFU and histology are comparable in their ability to reveal the
dominant wound healing parameters (e.g., wound depth, eschar/
blood clot depth, collagen accumulation, and granulation tissue
depth). Dyson et al. [14] argued that high-frequency ultrasound
may measure the wound region more effectively than photography. Wendelken et al. [3] monitored wounds by ﬁlling the cavity
with a sterile mapping gel and dressing the area with ﬁlm. The
dimensions of the wound were then measured using a software
package. A study of the early stages of pressure ulcer generation
revealed that HFU can detect subdermal tissue and skin edema
before any clinical or visual signs of skin breakdown appear [16].
Changes in tissue regularity and homogeneity during the healing
process have also been observed using HFU [12–14]. However,
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quantitative measurements for monitoring the above healing
parameters with HFU are limited. These measurements include
the co-occurrence matrix, explained in detail by Theodoridis et al.
[18] and used to analyze the echographic structures of skin and
liver tissues [19–21]; and randomly weighted frequency components of the intensity values, used to calculate the frequency band
energy in the region of interest (ROI) as a measure of echogenicity
[17]. In a recent work, the generation and healing of pressure
sores were assessed quantitatively by extracting relevant parameters from the HFU images [22]. However, it was demonstrated
that this technique may fail to discriminate between some phases
of pressure sore generation and healing.
Analysis of the color content of digital photographs has several
applications including the assessment of skin tumors, erythema,
and wounds [8,9,23–33]. Several successful attempts have been
made to classify different types of wounds or tissues present in
the wound bed (i.e., granulation, necrotic or slut) by clustering or
segmenting various sets of features (textures and/or statistics
extracted from RGB, HSV, HIS, LAB, and LUV histograms) [26–34].
Many researchers have also studied algorithms for determining
the wound area and volume automatically [5,35–39]. Some
researchers have recently tried to evaluate the 3D geometry of
wounds using color images [6,7,39]. The color content of digital
images has also been employed to assess healing in acute wounds
and pressure sores [8,9,40]. Since photography is only useful
when visual signs of the wounds are apparent, these studies have
naturally focused on the appearance of the tissue.
The literature survey demonstrated that HFU and digital
photography have both been repeatedly used for assessment of
pressure sores. Digital photography is a practical and low-cost
imaging technique, which provides valuable information about
the appearance of the tissue under study. However, changes in
the deeper layers of tissue, including those in the early stages of
pressure sore generation, cannot be investigated using this
technique. HFU on the other hand has been utilized for studying
deeper tissue damage which is not visually recognizable. This
technique seems to be a good candidate for investigating the
undermined tissue, considering its lower cost in comparison with
the other imaging techniques (e.g. CT and MRI) and potential to
be used in small ofﬁces or clinics.
The objective of this study is to combine the information
obtained by HFU and digital photography to assess the process of
pressure sore generation and healing automatically. Each of these
imaging techniques provide valuable information about certain
aspects of pressure sore generation and healing [4–17]. Therefore,
by combining the decision of experts, trained separately by the
information obtained from each of the two imaging techniques,
the goal of this study is to provide more accurate decisions about
the phases of pressure sore generation and healing than what
could have been achieved from employing either imaging technique separately.

choosing the above days was that pressure sores, induced in this
manner have been reported to reach their maximum severity after
seven days [41,42]. It has also been stated that before this time, the
actual extent of necrosis is difﬁcult to deﬁne, and that after seven
days healing reverses some of the more obvious signs of tissue
damage [8]. The 21-day period therefore monitors both sore
generation and healing phases. The precise intervals were selected
during the experiment to allow changes in tissue structure and
skin appearance to manifest. Later, we will consider the day of
measurement an unknown class to be determined from the HFU
and imaging data.
The Ethical Commission of Tarbiat Modares University
approved this study.
2.2. High frequency ultrasound imaging
The sore region was monitored using a 20 MHz B-mode
ultrasound scanner (DUB_USB taberna pro medicum, Luneburg,
Germany) in a controlled environment. The 20 MHz scanner could
monitor up to a 8 mm depth of tissue, but we deliberately
reduced the size of the imaging window as no signiﬁcant echographic structure was observed below the muscle fascia [22]. The
scan region was marked on the skin of each animal to avoid
confusion concerning probe head positioning. This enabled us to
preserve the angle between the probe head and body line.
Animals were kept in a restrainer during image acquisition to
avoid motion artifacts.
To reduce processing time and avoid noise at the probe edges,
a 1.5  2 mm2 window (225  300 pixels) under the superﬁcial
layers was selected as the region of interest (ROI) for image
analysis (Fig. 1).
2.3. Digital color imaging
A 10 Megapixel Canon digital camera was used to obtain color
photographs. In order to control lighting conditions and maintain
a constant distance between the camera and tissue, we built a
cylindrical Teﬂon box to support the camera. A 1.5  1.5 cm2
square hole was cut in the bottom of the box, taking into account
the dimensions of the induced pressure sores. Sixteen LEDs were
set in the box, as illustrated in Fig. 2. A diffusing surface was
placed in front of the LEDs in order to provide a uniform light
source.
Since the color images were obtained on different days, factors
other than physiological changes may have affected the tissue
appearance (e.g., color changes due to camera noise or oscillations
in the power supply). To account for this possibility, ﬁve elements
of the Macbeth chart (white, blue, light skin, red, and green) were
mounted around the box hole. The color values of these elements
in the photographs were used to calibrate the images as follows.
First, an arithmetic mean ﬁlter (Eq. (1)) was applied to reduce
the Gaussian noise observed in each channel (red, green, blue)

2. Materials and methods
2.1. Animal model for pressure sore generation
A guinea pig model was developed for inducing and monitoring
pressure sores. The system used for this research and our process
for generating pressure sores are fully described in a previous
publication [22]. Brieﬂy, pressure was uniformly applied to a
0.75-cm diameter disk over the trochanter region of 28 animal’s
hind limbs, using a computer-controlled surface pressure delivery
system. The load was kept constant at 40075 g for 5 h. The same
region was then monitored over 21 days (measurements taken on
days 3, 7, 14, and 21 after pressure sore generation). The reason for

Fig. 1. Region of interest (ROI) selection. EE, entry echo; D, dermis; FT, fatty tissue.
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Fig. 2. Schematic of the photograph acquisition box.

of the Macbeth elements. The ﬁlter mask has the following
formulation:
1 X
f^ ðx,yÞ ¼
gðs,tÞ
mn ðs,tÞ A S

The degree of echogenicity of the corium depends on the amount
of collagen ﬁber material per unit volume; any change in this
amount results in acoustic property changes. Collagenous ﬁber
bundles appear as band-like, moderately or highly reﬂective
structures [10]. Since the different structures, present in the
generation and healing of pressure sores, exhibit different
attenuation properties, changes in the echogenicity may be
assumed to follow meaningful patterns. Reﬂections from the
reticular dermis include hyperechoic lines oriented parallel to
the skin surface (Fig. 1). These echoes are relevant to the presence
of collagen ﬁbers. In contrast, because of the low echogenicity of
the cellular inﬁltrate, the granulation tissue appears as a hypoechoic region. As the granulation tissue matures, ﬁbroblasts
synthesize ﬁbrous extracellular matrix proteins (including hyperechoic collagen) [12]. These phenomena result in changes in the
intensity and textural content of the ROI.
Five relevant features are extracted from the ultrasound image
to evaluate echogenicity and tissue structure within the ROI.
Before calculating these features, the gray levels of the HFU image
were reduced from 256 to 64.

ð1Þ

xy

where g and f^ are the original and restored images. m and n
represent the dimensions of the neighborhood window Sxy centered at (x,y).
Next, we attempt to bring the RGB values of the images closer
to their true values, using the white Macbeth element as a
reference. The correction is expressed by the following equation:
ðR0 ,G0 ,B0 Þ ¼ ðR  Rref =Rw,G  Gref =Gw,B  Bref =BwÞ
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ð2Þ

where R0 , G0 and B0 are corrected values and R, G and B are the
original values. Rref, Gref and Bref represent the red, green and blue
values of the white Macbeth chart. Rw, Gw and Bw are the mean
color values of the white reference in the captured image.
One last calibration step was performed to restore the color
balance. This step is inspired by the calibration algorithm developed by Herbin et al. [43]. The white reference is achromatic, but
in the captured images its red, green, and blue values differ due to
the spectral distribution of the light source and the properties of
the camera sensor [43]. Denoting by MaxðRw,Gw,BwÞ the maximum of the mean red, green, and blue values for the white
reference image, we deﬁne another set of multiplicative coefﬁcients: MaxðRw,Gw,BwÞ=Rw, MaxðRw,Gw,BwÞ=Gw, and MaxðRw,
Gw,BwÞ=Bw. The ﬁnal red, green, and blue values of the pixels are
then
ðR0 MaxðRw,Gw,BwÞ=Rw,G0 MaxðRw,Gw,BwÞ=Gw,B0 MaxðRw,Gw,BwÞ=BwÞ

ð3Þ
For example, the true RGB values of the white Macbeth chart are
(243,242,243), whereas the mean RGB values of the white reference
in a captured image were (212,216,221). In the calibrated image
(after applying Eq. 3), the mean values changed to (242,244,243).
Before calibration, the standard deviations of the RGB channels
within the blue, light skin, red, and green Macbeth charts were
(8.7,8.1,8.8), (5.3,4.8,5.5), (7.7,7.1,7.9), and (8.7,8.0,8.9), respectively.
After calibration, the standard deviations changed to (3.1,2.0,3.6),
(2.0,1.7,2.9), (2.1,2.1,3.4), and (3.1,1.9,3.5).
After calibration, a 1  1 cm2 region (1000  1000 pixels) from
the center of the box window was selected for further processing.
2.4. Extracting features
2.4.1. High-frequency ultrasound
The echogenicity of regions in a B-scan indicates the amount of
acoustic energy reﬂected by the corresponding tissue regions.

2.4.1.1. Statistical parameters. Three statistical parameters,
namely the angular second moment (ASM), contrast (CON), and
correlation (COR) [18], were extracted from the co-occurrence
matrix of the ROI. These parameters were selected for their ability
to model texture.
2.4.1.2. Fractal signature. Changes in the properties of a picture
related to changes in scale are a sign of fractal properties [44–46].
The fractal surface area may be calculated from the gray levels of
an image [45]. A technique introduced by Mandelbrot [41] can be
used to compute the area of the fractal surface at any given scale.
The slope of the line resulting from plotting fractal surface area
versus scale is known as the fractal signature [46]. The fractal
signature contains important information about the ﬁneness of
variations in the gray level surface, with no need to decompose
the image into harmonics (i.e., a Fourier transform) or wavelets
[45]. In previous works we developed a modiﬁed fractal signature
(MFS), deﬁned as the slope of the line resulting from plotting the
upper blanket surface against scale on a log–log basis [22,47].
In HFU images, the MFS measures the echo distribution in the ROI
and therefore serves as a texture descriptor. The MFS is more
suitable than the original fractal signature for extracting features
from HFU scans [47].
2.4.1.3. Echogenicity. All four of the features discussed above are
texture descriptors, and therefore good candidates for monitoring
changes in the echographic structure of the ROI. The following
feature is included to measure changes in ROI echogenicity as a
result of pressure sore generation and healing. Since in the ROI
collagen ﬁbers are visualized as hyperechoic bands parallel to the
skin surface, a mask with the following structure was applied to
the ROI after reducing the gray levels from 256 to 64:
2
3
1 0 1
6
7
F ¼ 4 2 0 2 5
ð4Þ
1 0 1
This anisotropic mask F may be used to implement the
gradient operator along the horizontal direction, thereby highlighting the presence of vertical lines in the ROI. A weight value of
2 was used to add a smoothing effect [18]. After ﬁltering the ROI
by F, the root mean square (RMS) of the pixel values was
computed as a measure of the ROI echogenicity (referred to as
RE) (Fig. 3).
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Fig. 3. High-frequency ultrasound scans of the ROI before (day 7, a; day 21, d) and after (day 7, b; day 21, e) the gray levels were reduced from 256 to 64. Also shows are
the ﬁltered images (day 7, c; day 21, f). The vertical lines in images c and f are highlighted.

The features extracted from the HFU images were normalized
to the interval [0,1].
2.4.2. Color features
In this research, color features were also used to differentiate
the stages of pressure sore generation and healing. The RGB
system is not adequate for this purpose, since its components
are strongly dependent on the ambient light intensity. Instead, we
choose the HSI (hue-saturation-intensity) color model for modeling the ROI. Since our main objective is to investigate color
changes in the altering tissue, the intensity component is
neglected.
Rather than segmenting the sore region or comparing the
superimposed images on different days, we extracted time variant
color features over the whole ROI. First we computed a 50  50
bin (2D) histogram of the ROI, its axes representing the hue and
saturation components. Each image presents a number of peaks in
the 2D histogram with different positions, areas, and intensities.
In our experiments, we observed that these features evolve
according to a meaningful pattern during the generation and
healing of pressure sores.
First, the connected regions in each histogram were extracted.
Second, we recorded the centroid of each region and its corresponding image area (in pixels). The sum of the pixel intensities in
each region was also computed. The ﬁrst and second elements of
the centroid are the horizontal and vertical coordinates. In order
to reduce the computational burden, only the two largest connected regions in each histogram were considered for feature
extraction. Thus, we have six color features for each image
histogram: the centroids (CEN), areas (AR), and intensity sums
(INT) of two connected regions. Fig. 4 shows an example 2D
histogram, its two major regions, and the corresponding feature
values.
All color features except for those representing the location of
a centroid were normalized to the interval [0,1].
2.5. Classiﬁcation
The extracted features were grouped into ﬁve categories. The
ﬁrst consists of ASM, CON, and COR. The second includes MFS and
RE. The features CEN, AR, and INT were placed into three
individual categories.
Five Multi-Layer Perceptron Neural Networks (MLP NNs) were
trained, one on each category of features. Each network had the
same structure, and used a tan-sigmoid transfer function. The
weights and biases of the networks were initialized with random
values taken from the interval [ 1,1]. The weights between
neurons were updated only after all training examples had been
exposed to the network (batch training). Levenberg–Marquardt
back-propagation was found to produce the best results. The
network structure has two hidden layers, with eight and three
neurons, respectively. The number of hidden layers and neurons

Fig. 4. The 2D hue-saturation histogram of a digital photograph obtained from a
pressure sore.

were set based on some tests and trials carried out prior to the
main training process. The output layer has four neurons, representing soft support for the four different image classes (day 3,
day 7, day 14, and day 21). The outputs were then fused using a
fuzzy integral in order to determine the ﬁnal decision of the
ensemble. Each network is referred to as a ‘classiﬁer’ henceforth.

2.6. Combining the decision of neural networks with fuzzy integral
The problem in simultaneous application of the HFU and
digital photography is that the credibility of their vote in determining the phase of pressure sore generation and healing varies
with time. Among the decision fusion techniques used for continuous value outputs, class indifferent combiners, e.g. decision
templates and Dempster–Shafer, are not appropriate candidates
for combining the decision of the classiﬁers in the present
experiment, since the combination strategy for determining the
ﬁnal support of each class must be different. Class-conscious
combiners are classiﬁed into two categories: trainable and nontrainable combiners [52]. Here we seek a trainable combiner
whose parameters and therefore combining paradigm are set
based on the data presented to the system.
Our choice of combination technique is the fuzzy integral (FI),
which has been successfully employed in several different contexts [48–50]. Here, we review only the basic concepts. A more
detailed description of the FI algorithm can be found in Refs.
[50,51].
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The fuzzy measure g is a set function for a ﬁnite set of
elements X, which satisﬁes the following conditions:
(1) gðfÞ ¼ 0
(2) gðXÞ ¼ 1
(3) gðA [ BÞ ¼ gðAÞ þgðBÞ þ lgðAÞgðBÞ, for all A,B  X, A \ B ¼ f, for
some l 4 1.
The fuzzy measure g can be evaluated from a set of L values gi
known as fuzzy densities. The latter may be interpreted as the
importance of individual classiﬁers to the ﬁnal evaluation. The
parameter l is the only root of the following polynomial that is
greater than  1:

lþ1 ¼

L
Y

ð1 þ lg i Þ

l a0

ð5Þ

i¼1

The FI is a nonlinear function and can be regarded as an
aggregation operator. This operator is deﬁned over X with respect
to g
Z
hðxÞ3gð:Þ ¼ sup½min½a,gðfx9hðxÞ Z agÞ
ð6Þ
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where Ai, i¼1,2,y,n, is a partition of the set X. g(Ai) can be
calculated recursively by assuming g(1)¼g1 and
gðAi Þ ¼ g i þgðAi1 Þ þ lg i gðAi1 Þ

1 o ir n

ð8Þ

i

Here, the g s were taken to be the accuracy of each classiﬁer
evaluated during the training process. Fig. 5 illustrates the
ensemble provided for the objective of this research.
2.7. Performance evaluation
The Leave One Out technique, which is mainly used to evaluate
the performance of classiﬁers [18], was adopted to validate the
performance of the designed ensemble. At each step, one of the 28
samples was left out for testing purposes and the ﬁve neural
networks were trained for the features extracted from the
remaining 27 samples. The performance of the ensemble was
evaluated as the mean accuracy on the 27 test iterations.

3. Results

X

where h : X-½0,1 denotes the conﬁdence value delivered by
elements of X (e.g. class membership of data determined by a
speciﬁc classiﬁer). By sorting the values of h(.) in a descending
order, hðx1 Þ Zhðx2 Þ Z . . . Zhðxn Þ, the Sugeno FI can be evaluated as
Z
n
hðxÞ3gð:Þ ¼ max½min½hðxi Þ,gðAi Þ
ð7Þ
X

i¼1

ASM, CON, COR

MFS, RE

AR (regions 1 and 2)

INT (regions 1 and 2)

CEN (regions 1 and 2)

Classifier 1

Classifier 2

Classifier 3

FI

Output
class

Classifier 4

Classifier 5

Fuzzy
measures
Fig. 5. A schematic of the ensemble developed for providing the ﬁnal decision on
the phase of pressure sores, using ﬁve neural networks and fuzzy integral.

The digital photographs and HFU images obtained from one
animal on different days are presented in Fig. 6. Images 6(a)–(d)
were captured using the apparatus illustrated in Fig. 2. As is
apparent in Fig. 6(b), the pressure sore reaches its maximum
severity at the surface on day 7. The hypoechoic regions visible in
Fig. 6(e) may be related to blood pools or edema. Note that the
hyperechoic band at the boundary of the dermis and fatty tissue
disappears in day 7, but reappears on day 21.
Table 1 displays the signiﬁcance of the features as determined
by the analysis of variance (ANOVA) and multiple comparison
tests. The conﬁdence intervals in brackets indicate whether the
means of two days are statistically different. Note that day 3 and
day 21 cannot be distinguished on the basis of these features, as
all ﬁve intervals include zero.
Features extracted from the two largest connected regions of the
2D histogram were evaluated by the same tests (Tables 2 and 3). The
conﬁdence intervals suggest that day 3 could not be distinguished
from day 7, and that day 14 could not be distinguished from day 21.
Tables 1–3 demonstrate that while the features extracted from
different imaging techniques (digital photography and HFU) fail
to discriminate some classes, the classes presenting difﬁculties
are not the same for the two techniques. Therefore, it may be
assumed that by combining the decisions made by each of the
classiﬁers, trained on the extracted features, a better conclusion
can be obtained about the phase of pressure sore generation and
healing.

Fig. 6. Digital photographs obtained from an induced pressure sore, from days 3 (a), 7 (b), 14 (c), and 21 (d). CE, calibration element. The distances from B to Bn is
 0.5 mm. Ultrasound scans obtained from days 3 (e), 7 (f), 14 (g), and 21 (h). White arrows on day 21 indicate the muscle fascia (MF). FT, fatty tissue; D, dermis; EE, entry
echo. The distances from A to An and from A to Ann are  1.5 and  2.5 mm, respectively.

432

S. Moghimi et al. / Computers in Biology and Medicine 41 (2011) 427–434

Table 1
The degree of class separation in HFU features studied through one-way ANOVA and multiple comparison tests. MD is the mean difference, and CI is the 95% conﬁdence
interval.
Days

CON
P o 0.05 (P ¼1.3  10  21)
MD (%95CI)

COR
P o0.05 (P¼ 2.79  10  11)
MD (%95CI)

ASM
P o0.05 (P¼ 2.8  10  24)
MD (%95CI)

RE
Po 0.05 (P ¼ 1.4  10  29)
MD (%95CI)

MFS
Po 0.05 (P ¼1.02  10  29)
MD (%95CI)

Day3/Day7
Day3/Day14
Day3/Day21
Day7/Day14
Day7/Day21
Day14/Day21

0.53 [0.41, 0.64]
0.19 [0.08, 0.31]
 0.01 [  0.12, 0.10]
 0.33 [  0.44,  0.22]
 0.54 [  0.65,  0.43]
 0.20 [  0.32,  0.09]

 0.29 [  0.41,  0.17]
 0.20 [  0.32,  0.08]
0.01 [  0.10, 0.13]
0.09 [  0.03, 0.21]
0.30 [0.19, 0.42]
0.21 [0.09, 0.33]

 0.36 [  0.46,  0.27]
 0.11 [  0.20,  0.01]
0.03 [  0.07, 0.12]
0.26 [0.16, 0.35]
0.39 [0.29, 0.49]
0.13 [0.04, 0.23]

0.35 [0.26, 0.45]
0.10 [0.01,0.20]
 0.01[  0.10, 0.09]
 0.25 [  0.35,  0.16]
 0.36 [  0.45,  0.26]
 0.11 [  0.21,  0.01]

 0.46 [  0.57,  0.35]
 0.12 [  0.23,  0.00]
0.05 [  0.07, 0.16]
0.35 [0.23, 0.46]
0.51 [0.39, 0.62]
0.16 [0.05, 0.27]

Table 2
The degree of class separation in features of the hue-saturation color histogram studied through one-way ANOVA and multiple comparison tests. These features belong to
the largest connected region in the 2D histogram. The ﬁrst and second columns of CEN are the horizontal and vertical coordinates of the region’s centroid, respectively. MD
is the difference, and CI is the conﬁdence interval.
Days

AR

INT

P o 0.05 (P ¼2.23  10
MD (%95CI)
Day3/Day7
Day3/Day14
Day3/Day21
Day7/Day14
Day7/Day21
Day14/Day21

0.06
0.21
0.25
0.15
0.19
0.04

 14

CEN

P o 0.05 (P ¼2.64  10
MD (%95CI)

)

[  0.02, 0.14]
[0.13, 0.29]
[0.17, 0.33]
[0.07, 0.23]
[0.11, 0.27]
[  0.04, 0.12]

 24

)

0.07 [  0.02, 0.16]
 0.23 [  0.32,  0.13]
 0.28 [  0.37,  0.19]
 0.29 [  0.39,  0.20]
 0.35 [  0.44,  0.26]
 0.05 [  0.15, 0.04]

P o 0.05 (P¼ 4  10  7)
MD (%95CI)

Po 0.05 (P ¼4.32  10  6)

 0.44 [  2.22, 1.33]
2.41 [0.63,4.18]
2.98 [1.20,4.75]
2.85 [1.07,4.62]
3.42 [1.64,5.19]
0.57 [  1.20,2.34]

 0.59 [  1.47,0.29]
0.73 [  0.15,1.61]
1.15 [0.27, 2.03]
1.32 [0.44, 2.20]
1.74 [0.86,2.62]
0.42 [  0.46,1.30]

Table 3
The degree of class separation in features of the hue-saturation color histogram, studied through one-way ANOVA and multiple comparison tests. These features belong to
the second largest connected region in the 2D histogram. The ﬁrst and second columns of CEN are the horizontal and vertical coordinates of the region’s centroid,
respectively. MD is the difference between the two means, and CI is the conﬁdence interval.
Days

Day3/Day7
Day3/Day14
Day3/Day21
Day7/Day14
Day7/Day21
Day14/Day21

AR

INT

CEN

P o0.05 (P¼ 1.01  10  26)
MD (%95CI)

P o 0.05 (P ¼1.51  10  5)
MD (%95CI)

Po 0.05 (P ¼ 1.62  10  27)
MD (%95CI)

P o 0.05 (P ¼3.11  10  10)

 0.14 [  0.19,  0.08]
0.12 [0.07, 0.17]
0.14 [0.08, 0.19]
0.25 [0.20, 0.31]
0.27 [0.22, 0.32]
0.01 [  0.04, 0.07]

 0.21 [  0.32,  0.10]
 0.06 [  0.18, 0.05]
 0.02 [  0.14, 0.09]
0.15 [0.03, 0.26]
0.19 [0.07, 0.30]
0.04 [  0.07, 0.15]

 3.75 [  5.64,  1.85]
4.21 [2.31, 6.10]
4.37 [2.47, 6.26]
7.95 [6.06, 9.85]
8.12 [6.22, 10.01]
0.16 [  1.73, 2.06]

 0.35 [  0.66,  0.03]
0.34 [0.02, 0.65]
0.50 [0.19, 0.81]
0.68 [0.37, 0.10]
0.84 [0.53, 1.16]
0.16 [  0.15, 0.47]

Table 4
Confusion matrix for the test results of classiﬁer 1 in Fig. 5.
Classiﬁed as
Day 3
Day 3 11
Day 7
1
Day 14 5
Day 21 11
Total
39.3
(%)

Classiﬁed as
Day 7

Classiﬁed as
Day 14

Classiﬁed as
Day 21

0
21
7
0
75.0

4
2
19
3
67.9

13
0
5
10
35.7

Table 5
Confusion matrix for the test results of classiﬁer 2 in Fig. 5.
Classiﬁed as
Day 3

54.5

Tables 4–8 present the confusion matrices generated by
classiﬁers 1 through 5, respectively. For classiﬁers trained on
features extracted from the HFU images, the highest percentages
of misclassiﬁed samples occur when comparing days 3 and 21.
For classiﬁers trained on digital photography features, the highest

Day 3 10
Day 7
1
Day 14 5
Day 21 12
Total
35.7
(%)

Classiﬁed as
Day 7

Classiﬁed as
Day 14

Classiﬁed as
Day 21

4
21
3
0
75.0

4
2
17
5
60.7

11
0
5
12
42.9

53.6

percentages of misclassiﬁed samples occur when comparing day
14 and day 21.
Table 9 presents the confusion matrix obtained after combining the results with the FI method. The improvements in classiﬁcation accuracy are noticeable.
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Table 6
Confusion matrix for the test results of classiﬁer 3 in Fig. 5.
Classiﬁed as
Day 3
Day 3 25
Day 7
3
Day 14 0
Day 21 0
Total
89.3
(%)

Classiﬁed as
Day 7

Classiﬁed as
Day 14

Classiﬁed as
Day 21

2
26
0
0
92.9

0
1
10
17
35.7

0
0
12
16
57.1

68.8

Table 7
Confusion matrix for the test results of classiﬁer 4 in Fig. 5.
Classiﬁed as
Day 3
Day 3 25
Day 7
1
Day 14 1
Day 21 1
Total
89.3
(%)

Classiﬁed as
Day 7

Classiﬁed as
Day 14

Classiﬁed as
Day 21

1
25
1
1
89.3

0
5
11
12
39.3

0
2
8
18
64.3

70.5

Table 8
Confusion matrix for the test results of classiﬁer 5 in Fig. 5.
Classiﬁed as
Day 3
Day 3 20
Day 7
4
Day 14 3
Day 21 1
Total
71.4
(%)

Classiﬁed as
Day 7

Classiﬁed as
Day 14

Classiﬁed as
Day 21

1
27
0
0
96.4

3
1
17
7
60.7

4
0
7
17
60.7

72.3

Table 9
Confusion matrix for the test results after combining all ﬁve classiﬁers by the FI
method.
Classiﬁed as
Day 3
Day 3 23
Day 7
3
Day 14 2
Day 21 0
Total
82.1
(%)

Classiﬁed as
Day 7

Classiﬁed as
Day 14

Classiﬁed as
Day 21

0
28
0
0
100

1
1
23
3
82.1

2
1
7
18
64.3

82.1

4. Discussion
Both HFU and digital photography have been previously used
for the assessment of pressure sores. Our method is speciﬁcally
designed to improve the recognition of pressure sore generation
and healing phases by using the two imaging techniques simultaneously. In this way, both tissue structure and skin appearance
are taken into account.
The generation and healing of pressure sores involves the
presence of cells, matrices and complex structures. The hypoechoic
regions visible in the HFU scans on day 3 (Fig. 6(a)) were assumed
to be caused by edema and blood pools. In the corresponding
digital photograph, only a red area was observed. Redness is
considered an early sign of pressure sore generation [4]. On day
7 hypoechoic regions dominate the HFU scan, signaling the
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appearance of granulation tissue (cellular inﬁltrate has low echogenicity) [12,13]. As Fig. 6(f) shows, the superﬁcial layers also
attain maximum severity on day 7. As healing proceeds, the
granulation tissue matures and ﬁbroblasts synthesize ﬁbrous
extracellular matrix proteins (including hyperechoic collagen)
[12]. These events result in the appearance of hyperechoic regions
in the HFU scans from day 14 onward. Meanwhile, the digital
photographs illustrate superﬁcial signs of tissue healing.
The features extracted from the HFU images were selected
based on their ability to monitor the echogenicity and texture of
the ROI. Table 1 shows that these features are generally good at
discriminating the four days, with the exception of comparing day
3 to day 21. This is due to the resemblance of the obtained scans
from these two days. Since the objective of this research is to create
an automatic system capable of recognizing phases of pressure
sore generation and healing, this drawback could cause problems.
However, Tables 2 and 3 illustrate that these days are separable
based on features extracted from a digital photograph color
histogram. Since the pairs that the two techniques fail to discriminate do not overlap, simultaneously applying both techniques
achieves a better recognition rate. These statements are supported
statistically by the confusion rates presented in Tables 4–9.
Fusing the ﬁve outputs has improved both the total accuracy
and the misclassiﬁcation rate.
In this study the four classes represent different phases of
pressure sore generation and healing. Therefore, it can be suggested that the developed method may be capable of detecting
the phases of pressure sore generation and healing, provided that
the HFU scan and digital photograph of the suspicious region are
available.
Our study has several limitations. First, given the ethical
considerations of small animal use, our hypothesis could not be
tested on more severe or non-healing sores. Second, pressure
sores in humans do not necessarily follow the same generation
and healing patterns. Therefore, a large human database is
required to deﬁne the recognizable phases of pressure sore
generation and healing.
Researchers have considered clinical parameters (e.g. pain,
swelling, and itching) in assessment of wounds [53]. Considering
these symptoms (by means of rating tools) next to the extracted
parameters in future human studies can result in a better
assessment of pressure sore status.
In the present study, the monitored region was marked on the
body of the animal and precautions were taken when positioning
the probe head and imaging box. Our database therefore consists
of images obtained from the same region over time, and of
corresponding regions in different animals. Drawing conclusions
about sore generation or healing from scans and images obtained
from various subject and areas of body is a much more difﬁcult
task. Future clinical research on applying the proposed method to
human skin will have to deal with the intrinsic variance of images
obtained from unknown parts of the body.

5. Conclusion
In this study, HFU scans and digital photographs were
obtained from pressure sores induced in guinea pigs. Several
relevant statistical features were extracted from the obtained
images. A set of ﬁve neural networks was trained on ﬁve separate
categories of features. The results demonstrate that a more
accurate determination of the phase of pressure sore generation
and healing can be achieved by utilizing both imaging techniques
simultaneously. Therefore, we conclude that the individual drawbacks of HFU and digital photography can be overcome by
combining information from both techniques.
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