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ABSTRACT

A MOBILE SOLUTION TO ANKLE RANGE OF MOTION (ROM)
MEASUREMENT USING IMAGE PROCESSING TECHNIQUES

According to the literature, the estimated number of people with and without foot pain varies
between 17 percent and 30 percent. Looking at this data, it can be easily said that there is a
very large population in society suffering from foot pain. Therefore, due to its high
proliferation, foot pain is considered a major factor reducing the quality of life for many.
Considering the above, this thesis proposes a prototype system to help people with reduced
mobility, due to foot pain, or because they are living in a rural area, to submit their current
feet condition and seek a doctor’s and/or physiotherapist’s consultation. Accordingly, the
developed system is designed as a mobile e-health application so that users can
register/login, add their health history, and regularly upload the latest status of their feet In
addition, the developed system allows users to take videos of their ankles while bending
their feet forward and backward (dorsiflexion and plantarflexion) and upload them to the
system so that they can automatically calculate the range of motion. Consequently, the
prototype is evaluated by 8 healthy and young participants. The measurements of the same
participants is also performed by a physiotherapist with a goniometer. These two 16-measure
datasets are first evaluated by looking at their intraclass correlation. Although there is no
statistically significant correlation between them, these two data sets are analyzed with the
Bland & Altman plot and found to be in agreement with fixed bias. This result shows that
the developed system can be used instead of a goniometer with the improvements to be
made. Usability tests are also conducted among the participants using the system. The effect
of usability scores on the difference between measurements are examined and reported by

linear regression analysis.
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OZET

GORUNTU iSLEME TEKNIKLERI iLE AYAK BiLEGI ACIKLIGI OLCUMUNE
MOBIL BIiR COZUM

Literatiire gore ayak agrist olan ve olmayan kisilerin tahmini sayis1 yiizde 17 ile yiizde 30
arasinda degismektedir. Bu verilere bakildiginda toplumda ayak agrisi ¢eken ¢ok biiyiik bir
niifusun oldugu rahatlikla sdylenebilir. Bu nedenle, yiiksek proliferasyonu nedeniyle, ayak
agris1 bircoklar1 i¢cin yasam kalitesini azaltan 6nemli bir faktdr olarak kabul edilir.
Yukaridakiler goz oniinde bulundurularak, bu tez, ayak agrisi nedeniyle veya kirsal bir
bolgede yasadiklart igin hareket kabiliyeti kisitli kisilerin mevcut ayak durumlarini
sunmalarina ve bir doktor ve/veya fizyoterapist danismanligina basvurmalarina yardimei
olacak bir prototip sistem Onermektedir. Buna gore gelistirilen sistem, kullanicilarin
kayit/girig yapabilmeleri, saglik gecmislerini ekleyebilmeleri ve ayaklarinin son durumunu
diizenli olarak yiikleyebilmeleri i¢cin mobil bir e-saglik uygulamasi olarak tasarlanmistir.
Ayrica gelistirilen sistem, kullanicilarin ayaklarmi 6ne ve arkaya dogru biikerken
(dorsifleksiyon ve plantarfleksiyon) ayak bileklerinin videolarini ¢ekmelerine ve hareket
acikligini otomatik olarak hesaplayabilmeleri igin sisteme yiiklemelerine olanak tantyor.
Sonug olarak, prototip 8 saglikli ve gen¢ katilimci tarafindan degerlendirilir. Aym
katilimcilarin 6l¢timleri de fizyoterapist tarafindan gonyometre ile yapilmaktadir. Bu iki 16-
verilik veri seti, dnce simf i¢i korelasyonlarina bakilarak degerlendirilir. Aralarinda
istatistiksel olarak anlamli bir iliski olmamasina ragmen, bu iki veri seti Bland & Altman
grafigi ile analiz edildi ve sabit yanlilikla uyum i¢inde oldugu bulundu. Bu sonug, yapilacak
tyilestirmelerle gelistirilen sistemin gonyometre yerine kullanilabilecegini gostermektedir.
Sistemi kullanan katilimcilar arasinda kullanilabilirlik testleri de yapilmaktadir.
Kullanilabilirlik puanlarinin 6l¢iimler arasindaki farka etkisi dogrusal regresyon analizi ile

incelenir ve raporlanir.
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1. INTRODUCTION

There is a fairly large population in the community suffering from foot pain. According to
the literature, people suffering from foot pain have a distribution between 17 percent and 30
percent in the society [1], [2]. Thus, it is considered an important factor that reduces the
quality of life for many. Since this problem reduces mobility, it is difficult for people with
foot pain to receive treatment. Mobile technologies, which are improving and diversifying

day by day, are considered as a solution to this problem.

In order to create a solution to the identified problem, a system to help people with foot pain
or limited mobility due to rural areas to post updates of their current status and get
consultation from a doctor and/or physiotherapist. The system is designed as an e-health
application where users can register/login, add their health history and current status.
Furthermore, this system allows users to take videos of their feet to evaluate ankle rotation

of motion.

In this thesis, the validity of the ankle ROM measurement of the developed system is
identified comparing with UG measurements taken by a physiotherapist. This comparison is
performed by calculating intra class correlation coefficient of two methods. Also, the
agreement between the two measurements is also investigated with the Bland & Altman plot
with fixed bias. From another point of view, it is very much important to evaluate its usability
and user experience issues and its pitfalls since all the data collection is done through a
mobile phone interface. The usability is measured with system usability scale and user scores
were collected. Further analysis with additional statements such as efficiency, learnability

and user aesthetics are also accomplished

Accordingly, this paper is structured as follows; section 2 provides a detailed background
and literature review on the topic of ankle ROM, ankle ROM measurement developments.
Section 3 lists available methodologies that have been used to detect ankle ROM and existing
tools that have been developed and used to identify this problem. Section 4 describes the
analysis of the proposed solution and depicts the design of the system. Consequently, section
5 details the implementation steps of the prototype mobile application and the web services.
Section 6 details the testing and evaluation methods and highlights the findings of these tests.



Last but not least, section 7 draws the conclusions 2 and proposes recommendations as future

development items on the prototype by underlining its current shortcomings.



2. BACKGROUND

This section elaborates on the ankle anatomy and presents the ankle ROM measurements in
the literature. Additionally, studies that involve technological measurement techniques in

this field and their findings are discussed.

2.1. ROTATION OF MOTION

The ankle is popularly known as the junction of the foot and leg. To give a more scientific
definition, an ankle is defined as a complex structure consists of two joints: true ankle joint
and subtalar joint [3]. The true ankle joint has a hinge structure in which dorsiflexion and
plantarflexion movement of the foot is produced (Figure 2.1). The first movement,
dorsiflexion, occurs when the foot and leg approach each other (Figure 2.1a). The other
flexion movement, plantar flexion, of the foot can be performed when the top of the foot
moves away from the leg (Figure 2.1b). Plantar and dorsiflexion are the most common
movements of the ankle in the sagittal plane. Therefore, the ankle range of motion (ROM)
is considered as the maximum range where the tibiofibular joint can extend making these

flexion moves.

Talocrural joint
DORSIFLEXION PLANTAR FLEXION

Anterior
capsule

/ Anterior &)
talofibular \&%

-

Anterior  Anterior
capsule _ yalofibular
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Achilles tendon

Posterior __|
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Calcaneofibular
ligament

Calcaneofibular
ligament

(@) (b)

Figure 2.1. Talocrural (ankle) joint movements in sagittal plane [4]



Limited ankle range of motion may be a risk factor associated with loss of balance. For
functional tasks like walking, which needs an angle of 8 to 10 degrees of dorsiflexion, a
specific amount of ankle ROM is required [5]. In addition, any limitation in the ankle
dorsiflexion is perceived as a risk factor or a variety of lower extremity illnesses, such as
plantar fasciitis and Achilles tendinopathy. Plantar flexion limitations are generally
associated with ankle injuries, including sprains and fractures [6]. Therefore, in the treatment
process of these lower limb pathologies, clinicians measure range of motion to monitor the
recovery process [7]. Measurement of range of motion can be an important step of the
rehabilitation process because it can affect the selection of procedural interventions, the
progression in rehabilitation process, and the end point of the treatment [8]. Due to its

importance, various measurement techniques and tools have been developed.

2.2. ROM MEASUREMENT STUDIES IN REHABILITATION

In the clinical environment, the universal goniometer, inclinometer, and tape measure are
the most commonly used tools. There are some parameters that affect the ankle ROM
measurement when using these three tools. The measurement position and experience level
of the rater are two examples of these parameters. The effects of these parameters on the
measurements are revealed by inter and intra rater reliability and intra class correlation (ICC)
analyzes. Inter rater reliability shows the measurement reliability of more than one rater
while intra rater reliability is the consistency of the measurements taken by one rater
repeatedly. To obtain the validity of the measurements ICCs are calculated statistically. In
this section, clinical ROM measurement studies are presented by revealing the effects of

these parameters on measurements.

The universal goniometer is an inexpensive and widely accessible tool used in many practice
settings to measure ROM angle [4]. To evaluate the validity of the goniometer [9] conducted
a comparison between visual estimation and goniometric measurement of ankle dorsiflexion.
As part of the evaluation, they asked 12 orthopedic physiotherapists to measure ankle
dorsiflexion first by visual estimation, then with a universal goniometer. The result of their
study showed that inter-tester variation is twice that of goniometric measurement.
Numerically, measurement error with goniometer was 5 degrees while variation in

measurement was detected 11 degrees with visual estimation.



Another tool for measuring ankle dorsiflexion ROM is the inclinometer. One of the
reliability studies of inclinometer is conducted by Venturni et al. [10] comparing with
goniometer. Active ankle range of motion measurements are taken from healthy individuals.
Two examiners performs the dorsiflexion measurements with these two techniques
consecutively. Each examiner performed both measurement methods consecutively. As a
result of this research, it is demonstrated that active dorsiflexion ROM measurement of the
ankle using the digital inclinometer is more reliable than the one obtained with the universal
goniometer. Also, they reported that inter-tester reliability is higher with an inclinometer as

well.

Tape measure is the other simple tool used in the clinic environment to evaluate ankle ROM.
Inter-rater and intra-rater reliability of tape measure conducted by Benell et al. [11]. The
ankles of 13 healthy subjects are measured in a weight-bearing dorsiflexion (DF) lunge
position. They performed their test using the inclinometer and tape measure and the testers
had the changing experience levels. Their findings indicate that the inclinometer and tape
measure can be affected by heel contact circumstances, lower leg bone form, and lower leg
length, and that the inclinometer and tape measure are dependent on the subject's alignment.
In addition, they have reported that the repeatability of DF measurement in lunge position

did not appear to be affected by the raters' skill level or experience.

Finally, as an inclusive study of aforementioned three tools, Konor et al. [12] aimed to
determine the reliability of ankle ROM measurements using three different techniques.
Ankle dorsiflexion of twenty healthy subjects were measured in weight bearing position by
a novice rater. They found that the reliability coefficients for the digital inclinometer and
tape measure techniques were higher compared to the goniometer. Therefore, it can be

interpreted that goniometer measurement needs a more experienced rater.

2.3. ROM EVALUATIONS WITH ELECTRONIC DEVICES

The need for more accurate and reliable ankle ROM measurement and advances in
technology have led to the diversification of measurement techniques. Not only digital
versions of simple tools mentioned in the previous section are developed, but also it has been

seen that devices in clinical measurements or in the home environment have been diversified.



The following section; highlights and details the aforementioned devices and related studies

conducted on them.

One device developed by Worsley et al. [13] and they presented a study designed to evaluate
the reliability and validity of a new standardized method with a D-Flex device (Figure 2.2)
to measure ankle range of motion. A group of 20 healthy subjects were occupied to quatify
ankle range of motion in the weight-bearing position. They used an inclinometer, a
goniometer, and the D-Flex measurement devices for measurements. The result of the study
shows that the D-flex had ICCs 0.76-0.95, the highest inter-rater and intra-rater reliability,
compared with the values of 0.55-0.85 and 0.32-0.71 for the goniometer and inclinometer,
respectively. Consequently, it is stated that when testing ankle dorsiflexion ROM in healthy
subjects, the D-Flex system offers a valid, portable, and easy to use alternative to the weight-

bearing lunge test.

/!

Figure 2.2. D-Flex device [13]

Another device introduced by Chen et al. [14] which is a more complex rehabilitation system
which entailed a robotic ankle ROM measurement. They developed an electronic system to
make sure the subject’s position and by considering the position of the subject to measure
ankle ROM more accurately- as can be seen in Figure 2.3. As part of the study, the authors
performed an experiment where a zero-torque control is applied to acquire the subject’s
extreme joint angle and largest resistance torque when measuring the range of motion.
Moreover, a controller switch is applied to ensure that the extreme joint angle is appropriate.
The dorsiflexion of 10 healthy subjects measured with the proposed system and a
physiotherapist. The maximum dorsiflexion angles measured with protractor were 32.1 +
6.8 degrees while proposed system detect the agnles as 37.3 + 6.5 degrees. The average
discrepancy between the protractor and suggested system measurements was 17.35 with



11.05 percent deviation. The maximum plantar flexion angle of protractor and proposed
system were reported as 55.8+£12.2 degrees and 57.6+14.1 degrees, respectively. These
results showed that the proposed system provides more accurate ROM assesment than a
protractor. Also, they emphasized that ROM is an important parameter in ankle rehabilitation
by indicating that accurate measurement of ROM helps effective stretching.

Emergency

switch
Leg belt
/ Foot belts

|
Seat Leg support  Sliding platform  Footplate DC motor ;

Figure 2.3. Rehabilitation system proposed by Chen et al. [14]

Furthermore, a study conducted by Ahmadian et al. [15] introduces a wearable system
equipped with sensors in order to quantify ROM during triple single-leg hop trials. Three
measurement units are placed to ten able-bodied participants. The strap-down integration
approach was used to calculate 3D knee and ankle angles, and the results were compared to
camera-based joint angles. From received signals ankle ROM measurement can be
calculated. They found out that ROM error medians of the measurement are reported that
when compared to the camera-based system correlation coefficients for both joints are less
than 2.3 and 3.2 degrees, while correlation coefficients for all hop phases are greater than
0.92. Therefore, they interpreted that the new approach was accurate enough to detect post-
injury changes in hopping kinematics and significant differences in ROM amongst clinical

samples.



2.4. ANKLE ROM MEASUREMENTS WITH MOBILE APPLICATIONS

Although high measurement accuracy and reliability is reported for the electronic devices
mentioned in the previous section, these devices are not portable. With the widespread use
of smartphones, the mobile applications (apps) specifically designed to measure ROM offer
clinicians a quick and easy method to examine flexibility [16]. These measurement apps
mostly get inspired by simple tools. This section details ROM measurements using mobile

and non-invasive solutions.

Inclinometer-based measurements are popular among mobile apps because mobile devices
have gyro sensors which enable detecting the slope of desired surface. In literature, there are
studies investigating some of these mobile apps in terms of their validity and reliability. First
one is a study conducted by Morales et al. [17] which assesses the validity and reliability of
the Leg Motion device for measuring ankle dorsiflexion ROM in older adults. In their work,
authors take measurements of ankle dorsiflexion from the 33 healthy subjects with Leg
Motion device (Figure 2.4.b), tape measure, UG and the iPhone's built-in inclinometer
application (Figure 2.4.a). The mean values and standard deviations are calculated for
measurements of Leg Motion device, tape measure, goniometer and inclinometer app.
Findings of study shows that Leg Motion device is a valid and reliable tool as an alternative
to the classic weight-bearing lunge test for measuring ankle dorsiflexion ROM in older
adults. Another study is conducted to analyse the measurement reliability of iHandy mobile
app by Vohralik et al. [18]. To achieve this measurements of iHandy and a digital
inclinometer are compared (Figure 2.4.c-d). The ankle dorsiflexion range of motion was
measured in 20 healthy persons using a convenience sample. Both the inclinometer's and the
smartphone app's has ICCs and 95 percent Cls in excellent range, with narrow Cls. There
was only a 0.07-degree and 0.2-degree difference between sessions for the inclinometer and
the app, respectively. In the light of their findings, they concluded that a smartphone with
the iHandy app can be used in clinical practice and research as an easy and convenient
alternative to an inclinometer. Third and last inclinometer-based smartphone application is
for the iPhone named Tiltmeter. Williams et al. [19] undertook a study where they compared
the digital inclinometer and TiltMeter (Figure 2.4.e-f). Two raters (novice and experienced)
conducted the measurements among 20 subjects in both a bent knee and straight leg position

to determine the intra-rater and inter-rater reliability. Except for one intra-rater measure, the



intra-rater and inter-rater reliability for the devices and in both positions were all above ICC
0.8. (Digital inclinometer, novice, ICC 0.65). The digital inclinometer and the tiltmeter have
near-perfect inter-rater reliability, with an ICC of 0.96. The ICC between the two devices
for concurrent validity was 0.83. As a result, the Tiltmeter app was proven to be a reliable
and cost-effective method of determining the possible ankle range of motion. Besides,
authors made a warning for health practitioners about using caution in applying these

findings to other smart phone equipment if surface areas are not comparable.

(a) (b) (© (d)

Figure 2.4. Inclinometer based mobile ankle ROM measurements [17]-[19]

From a different perspective, there are studies that tried to evaluate ROM utilizing mobile
phone cameras. In this type of a solution, they aim to perform the measurement by putting
virtual markers to the image taken by the phone. In addition, there are studies where real
markers are stuck on the subject's body and then the ROM angle is calculated in reference

to these markers using implemented software.

Some of these smartphone applications are evaluated by Wang et al. [20]. They measured
ankle plantar flexion and dorsiflexion of 24 patients with ankle disease using the
DrGoniometer app, Clinometer app, Goniometer app, and a universal goniometer. They
utilized a 2-way mixed model to evaluate the interrater reliability and it showed good to
excellent interrater reliability for each app for plantar flexion and dorsiflexion. Moreover,
they apply a usability test to participants, and it is reported that the participants feel
comfortable with measurement performed by mobile device. Hence, from findings of the
experiments, they reported that the use of smartphone apps to assess ankle ROM may be

more convenient than using UG. Physicians can use these apps to measure the patient’s
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dorsiflexion and plantar flexion from a picture sent by them remotely, or a patient could

measure his or her own ROM at home using a personal smartphone.

Another study including smartphone measurement is conducted by Awatani et al. [21]. They
examine the inter-rater reliability, validity, and error of angle measurements for ankle
dorsiflexion range of motion using an image-based smartphone application. Eighteen
volunteers participated in the study. Three examiners (two examiners are qualified certified
athletic trainers and third one is not a certified trainer) performed smartphone application
measurements. Two evaluation processes are followed in the experiment. Two image taken
with a smartphone app with and without placing tape markers to the participants body. In
first process, app’s virtual markers are placed referring to the tape markers while the body
parts are taken as reference points in the second process. They made statistical analysis from
measurements taken from apps and radiographic images. Three examiners found a strong
correlation coefficient between radiographic measurement and smartphone app
measurement, as well as significant ICCs. Three examiners discovered that absolute
difference upper 95 percent Cl = 4.5 to 4.9 degrees, rate of absolute difference upper 95
percent Cl = 15.8 percent —17.2 percent for measurement errors between radiography
measures and smartphone app measurements. As a result, their study indicates that the inter-
rater reliability of the ankle dorsiflexion range of motion measurements utilizing an

application was high, with minor inter-rater measurement errors.

Another ankle ROM measurement research using markers is Romero Franco et al. [22]’s
study. They analyzed the concurrent validity and reliability of an image-based iPhone
application for assessing range of motion and joint position sense in ankle and knee joints.
For knee and ankle, the intra-rater reliability of the iPhone app for measuring ROM and joint
position sense was excellent and positive. Similarly, for ankle and knee ROM and knee JPS,
inter-rater reliability was above ICC>0.80, but significant for ankle joint position sense. For
validity, it was determined that the maximum value of bias observed in ankle joint position
sense was -0.31 degrees, and the maximum range of bias in ankle ROM was -4.3 to +4.3
degrees. Hence, they state that this new iPhone application is valid and reliable for evaluating
ankle and knee ROM and joint position sensation, while extra care is required during ankle

evaluation to avoid inaccuracies.

Although Cunha et al. [23] did not evaluate the ankle ROM, they assess the ROM

measurement from a video taken from a mobile app called Angles. Authors assessed the 11
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convergent validity and reliability of joint angle measurements (elbow, shoulder hip, knee)
from a video goniometer iPhone/iPad application in three groups - namely in adults, older
and young children. Angles app can measure the ankle ROM by allowing the user to select
a frame from a video and to place virtual markers to the selected frame. As part of their
study, they evaluated the range of motion with this app for multiple body parts. They found
out that there are high correlations for repeated measures between the app and the gold
standard angle measurement instruments. Thus, they suggest that the app is a valid and

reliable tool for assessing joint angles during functional activity

2.5. IMPACTS OF ARTIFICIAL INTELLIGENCE, MACHINE LEARNING AND
DEEP LEARNING ON ROM MEASUREMENT

Human motion tracking for rehabilitation has been an active research topic since the
1980s[24]. The state of art method in this field is human pose estimation. Although it is
mostly used to track human activity when performing exercises, it is possible to detect ROM
angle using the same approach. In this section, the literature review is presented on this topic.

Kinect is a device popularly used in games that use body and body movement measurement.
Due to this popularity, it has attracted the attention of many researchers.. For this reason, Ma
et al. [25] investigate whether Kinect is a valid and reliable clinical gait analysis tool for
children with cerebral palsy. Also, it is questioned that linear regression and LSTM recurrent
neural network approaches may improve its performance. On 10 children with cerebral
palsy, a gait study is performed. The correctness of kinematics derived using the Kinect,
according to their findings, is inferior to that achieved using a typical marker-based 3DGA
system. While the measurement errors of every ROM decreased after using the linear
regression and LSTM calibration methods, the hip and knee sagittal angle trajectories
matched the reference marker-based motion capture system the most. Although the Kinect's
overall validity has been explored, they believe the Kinect-based gait analysis system has

the potential to increase its capacity to measure lower limb kinematics.

Measurement with Kinect is costly and need preparation. Moreira et al. [26] presented that
automatic identification of Anatomical and Segment Points can be detected using machine
learning algorithms and computer vision models. As Moreira said, there are various studies

[21], [27]-[35] with different methods in human pose estimation, using machine learning or
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deep learning algorithm. However, some of these studies does not contain footankle region,

so they are not suitable for measuring ankle ROM.

One of the studies including ankle ROM measurement is a research by Ota et al. [36] who
is questioning whether OpenPose-based gait analysis is valid or not. In their work, they
investigate VICON and Openpose based detection algorithms. VICON is a sensor-based
system used to detect sensor movement on the other hand Openpose is the first real-time
multi-person system to jointly detect human body, hand, facial, and foot key points on single
images. This study included twenty-four healthy young people. During walking and running,
the subjects were evaluated. During treadmill walking and running, VICON was used to
measure pelvic segment angles as well as hip, knee, and ankle joint angles. Digital cameras
were used to collect photographs from both the right and back sides at the same time. The
corresponding angles were measured from the estimated joint points after processing with
OpenPose. Linear regression analysis was used to validate these estimates, and intraclass
correlation coefficients between OpenPose and VICON data were calculated. It is found that
for most of the ankle ROM, the coefficients of determinations were high. Although the ICCs
showed moderate correlations, the 95 percent confidence intervals ranged widely as a result
of the Bland &Altman test with fixed bias. In other words, they stated that the ankle joint

angles measured using OpenPose and VICON are in agreement significantly.

Another study evaluating the ROM of the lower body including ankle ROM is Li et al.’s
[37]. They develop an in-home lower body rehabilitation system based on a novel
lightweight human pose estimation model. They implement this light-weighted model to a
mobile device. To evaluate this system, they compared the key points found by the
application with those marked in the COCO keypoint dataset [37]. The reliability of the
proposed system is not validated with a clinician or a gold standard for ROM measurement.
Nevertheless, their study shows that ankle ROM can be calculated using mobile devices with

a deep learning approach.
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3. METHODOLOGY

In this section, the existing ROM measurement techniques and methodologies are presented.
Moreover, the usability testing methodologies and statistical analysis methodologies are also
investigated.

3.1. QUANTIFYING ANKLE ROM

This section highlights the existing ROM measurement techniques and methodologies.
Beginning with the introduction of traditional ROM measurement methods, different
measurement techniques are presented. The last subsection introduces the artificial

intelligence approaches that can be utilized to achieve a non-invasive ROM measurement.

3.1.1. Widespread Methods in Clinics

The goniometer measurement necessitates the greatest level of technical expertise due to the
requirement to align the axis with the joint support and set the two arms at designated
reference locations [38]. The UG's fixed arm is aligned with the lateral midline of the fibula,
which is parallel to the fibula's head. At the intersection of the lines between the lateral
midline of the fibula and the lateral midline of the fifth metatarsal, the axis should be distal
to but aligned with the lateral malleolus. As shown in Figure 3.1, the moveable arm is

positioned in the lateral midline of the fifth metatarsal.

Figure 3.1. Goniometric measurement of ankle ROM [38]
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The inclinometer measurement is done in the weight-bearing lunge position to acquire the
most precise result of ankle dorsiflexion ROM [11]. The maximum distance of the toe from
the wall while keeping contact with the wall and knee without lifting the heel was defined
as maximal dorsiflexion in this position. The rater monitored heel contact with the ground
by lightly resting their fingers on the heel and feeling for movement, as well as visually
inspecting the heel for movement. A digital inclinometer (Figure 3.2a) was mounted at the
tibial tuberosity and used to measure the angle of the tibia relative to the ground once the
subject had achieved the final lunge posture. Measuring plantar flexion with the inclinometer
placed at the previously marked tibial midpoint, the barefoot subjects were instructed to
maximally PF their foot. The rater then elevated the test lower limb until the inclinometer
read 0 degrees (Figure 3.2b). With the foot still pointed, a second reading was taken at the

talonavicular joint on the dorsum of the foot (Fig. 3.2c).

(©)

Figure 3.2. Inclinometer measurement [39]

The tape measurement can only be used to assess dorsiflexion. The patient lunges forward
until the knee touches the wall, then places the test foot perpendicular to the wall on a tape
measure. The foot is pulled away from the wall until just the knee makes little contact with
the wall and the foot remains flat on the ground. The distance between the great toe and the
wall is measured in centimeters, with each centimeter equivalent to about 3.6 degrees of

ankle dorsiflexion.
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3.1.2. Methods Using Digital Systems

Inclinometer-like measurements are performed using gyroscope and accelerometer sensors

of mobile devices. Also, image marking methods also utilized to eval ankle ROM.

3.1.2.1. Sensor Measurements

A gyroscope is a device used for quantifing orientation and angular velocity [37]. There are
different types of gyroscopes. A conventional gyroscope is a device that consists of a wheel
mounted on two or three gimbals with pivoting supports that allow the wheel to revolve
around a single axis. (Figure 3.3). A system of three gimbals, one positioned on top of the
other with orthogonal pivot axes, can be utilized to allow a wheel mounted on the innermost

gimbal to maintain its orientation regardless of its support's orientation in space.

Gyroscope
frame

Spin axis

Figure 3.3. Gyroscope components [40]

On the other hand, Traditional mechanical gyroscopes employ wheels and gimbals, but the
gyroscopes within cellphones do not. Instead, smartphones have MEMS (Micro-Electro-
Mechanical Systems) gyroscopes. A MEMS gyroscope can measure the angle of orientation
or the angular rate of rotation. The idea is based on a vibrating structure hanging in such a
way that Coriolis forces may be detected while the mass rotates in relation to inertial space
[41].

The integration of the gyroscope has enabled for more precise movement detection in 3D

space than the prior lone accelerometer seen in a number of smartphones. For more robust
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direction and motion detection, gyroscopes are typically paired with accelerometers

(acceleration sensors) in consumer electronics.

GYROSCOPE SENSING ACCELEROMETER SEMSIMNG
AMGULAR QORIEMTATION AXIS ORIEMTATION

L 3 o, JAEE z
I'\I'___.-'l' > iy

Figure 3.4. Gyroscope and Accelerometer MEMS [42]

An accelerometer is a sensor that determine the proper acceleration [43]. Proper acceleration
refers to a body's acceleration in its own immediate rest frame [44]; as opposed to coordinate
acceleration, which refers to acceleration in a fixed coordinate system. For example,
accelerometers in free fall will measure zero. Accelerometers are included in several
smartphones, digital music players, and personal digital assistants for user interface control;
the accelerometer is frequently utilized to provide orientation of the device's screen
depending on how the device is handled. Every generation of Apple devices has featured an
accelerometer. Devices with Android OS also have accelerometer sensor. Accelerometers in
mobile devices can be utilized as pedometers in conjunction with specialist applications, in
addition to adjusting the orientation view. In addition to all these, ankle ROM can be
measured with accelerometer sensor as well. In an unweight bearing position, device with
an accelerometer is placed on the dorsum of the foot. When the foot flexing measurement is
taken. With the gyro sensor, it is possible to measure ankle ROM just like the inclinometer
described in the previous section. Dorsiflexion and plantar flexion can be detected using a
device with a gyroscope instead of an inclinometer as shown in Figure 3.3. Hybrid
methodologies also exists. IMUs with accelerometers and gyroscope sensor is put on the
dorsum of the foot. With this method, ankle ROM can be calculated during hop test [15] .
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Figure 3.5. An example of a sensor measurement [15]

3.1.2.2. Marking techniques
The ankle ROM measurement can be performed on images or videos using marking
techniques. It has been seen that the ankle ROM angle can be determined using virtual or

real markers.

One method is that the angle is determined using photo editors such as Adobe Photoshop
after taking a photo of the relevant joint identified using real markers. Before taking the
photo, markers are placed on the participant's body (Figure 3.6). With the help of special
systems, markers are detected to measure ROM. When an image is processed, markers lead
to more accurate measurement. Therefore, it becomes possible to calculate ankle ROM by

combining these joints.

Figure 3.6. Real markers placed on human body [22]
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Another method is to mark the required joints with virtual markers after the photo is taken.
This process is generally done with mobile applications. Pieces of marker images are
displayed to place on the photograph taken using the mobile application (Figure 3.7). The
user places these markers at the appropriate positions on the joints they want to identify.
Angles can be calculated using the positions of the markers on the screen. It has been
observed that the same process is used for videos as well. It has been reported that it is

possible to detect angles with markers on the selected frame from the video.

Save 23.2° Cancel

Figure 3.7. Virtual marker placed on an image [45]

3.1.2.3. Human Pose Estimation

The challenge of estimating the articulated joint locations of a human body from one image
or a sequence of photos of that person is known as human pose estimation. This challenge
has been tried to be solved with the methods developed over time. Thus, it has been observed
that advances in computer learning provide more accurate human body part detection.

Edges, color histograms, contours, and histogram of oriented gradients were used in the early
works of HPE for determining accurate locations of body parts by extracting the features.
Color spaces were utilized to extract the color or luminosity features. For HPE, skin color is

the most relevant feature to be extracted from a given image. Converting the color space of
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the image from RGB to HSV [46]-[50] and/or YCrCb [46], [51], [52] are widely facilitated
to identify skin color in images. The conversions can be performed as formulated in Basha
Shaik et al.’s study [53]:

1
5 (2R — G — B))
H = arccos 2 (3.1)
JR-6)2-R-B)(G-B)
max(R,G,B) — min (R, G, B
G ( ) ( ) (3.2)
max (R, G, B)
V = max (R, G,B) (3.3)
Y 0 0.299 0.587 0.114 1[R
Cb] =1128] +—-0.169 -0.331 0.500 ||G (3.4)
Cr 128 0.500 -0,419 -0,081i1LB

The range specified for skin color is altering according to data in the literature but the range
defined in Kolkur et al. 's study [54] combines two color spaces. For HSV and YCDbCr color

spaces, the range can be determined according to constraints in Table 3.1.

Table 3.1. Skin Color Ranges of RGB, HSV, YCbCr

Color Space Range

RGB R>95and G > 40 and
B>20andR>GandR>B
and|R-G|>15and A>15

HSV 0.0<=H<=50.0and 0.23 <=S<=0.68

YCbCr Cb>85and Y >80 and
Cr <= (1.5862*Ch)+20 and
Cr >=(0.3448*Cb)+76.2069 and
Cr >= (-4.5652*Ch)+234.5652 and
Cr <= (-1.15*Cb)+301.75 and
Cr <= (-2.2857*Cb)+432.85
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Histograms can be used to extract features where histogram equalizations can be used to
preprocess the images. Contrast Limited Adaptive Histogram Equalization (CLAHE) allows
for histogram equalization without adding to the noise introduced by contrast amplification.
The contrast amplification in the vicinity of a certain pixel value in CLAHE is determined
by the slope of the transformation function. The slope of the neighborhood cumulative
distribution function determines the value of the histogram at that pixel value (CDF).
CLAHE limits the amplification before computing the CDF by clipping the histogram at a
predefined value. The CDF's slope, and hence the transformation function, is constrained.
The normalization of the histogram, and hence the size of the neighborhood region, define

the clip limit, or value at which the histogram is clipped [55].

After feature extraction and enhancements, using regression, generation, part relations and
other reasoning models, the human pose is estimated. These methods have quite a few
drawbacks such as lack of representation of all constraints, low performance in extracting

features and high reasoning complexity.

Pictorial Structures Model [28], [29], [56] and Flexible Mixture-of Parts [57] are two
methods to estimate human Pose with machine learning algorithms. Pictorial Structures
Model expresses the spatial correlation of rigid body parts as a tree-structured model to
estimate the location of the joints. On the other hand, the Flexible Mixture-of Parts method
uses the deformable part models. A mixture of small and non-oriented parts is formed

considering the diversity of location and orientation of the body parts.

Body Part Tempilates Parts Dependent Joint Regressors

(@) (b)

Figure 3.8. Pictorial Structures Model [56] & Flexible Mixture-of Parts methods [57]

In recent years, deep learning has been widely applied in the fields of image classification,

object detection, semantic analysis, human action recognition, and pose estimation.
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Considering all deep learning methods to estimate human pose [21], [27]-[35],
Convolutional Neural Networks (CNN) led to improvements in the HPE area. CNN is a deep
learning model for processing data with a grid pattern, such as images, that is meant to learn
spatial hierarchies of characteristics from low-level to high-level patterns automatically and
adaptively. Convolutional neural networks are made up of three types of layers: convolution,
pooling, and fully connected layers. Using these layers single-stage and two-stage detectors
are created to detect objects [58]. While single-stage detectors make predictions by learning
the class probabilities and bounding box coordinates, two-stage detectors first find the region
of interest then perform the classification on that region. Two-stage detectors like Faster
RCNN [59], have higher accuracy than single-stage detectors. Predictably, two-stage

detectors are slower.

A two-stage CNN algorithm can be adapted to human pose estimation problems by adding
the Mask branch and the key point detection branch [58]. For this purpose Mask RCNN was

created.

Mask RCNNI[59] is a deep neural network aimed to solve instance segmentation problems
primarily. Figure 3.9 shows the Mask R-CNN framework for instance segmentation. As seen
in this figure, feature maps are extracted from Faster R-CNN which uses a CNN. Feeding
with the extracted feature maps, Region Proposal Network (RPN) returns the candidate
bounding boxes. Regions are decided according to the Intersection of Union. To bring all
candidates to the same size, a region of interest pooling layer is applied. These regions are
given as an input to a fully connected network so that the class label and bounding boxes are

predicted. Segmentation mask for each region that contains an object is also returned.

Figure 3.9. The Mask R-CNN framework for instance segmentation [59]
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In order to adapt to human pose estimation, the position of a key point is modeled as a single-
hot mask. Masks of K masks, one for each type of K keypoint (eg, left shoulder, right elbow)
can be estimated using RCNN.

Thinning algorithms were also used to determine the foot posture within the scope of this
thesis. Although there are various algorithms for thinning, most common ones are iterative
algorithms using morphological operations [60] such as hit-or-miss or opening and erosion,
Zhang Suen fast parallel thinning algorithm [61], Guo & Hall’s two sub-iteration parallel
Thinning algorithm [62].

Morphological methods such as erosion and opening were employed to remove selected
foreground pixels from binary images. It operates on a hit-or-miss basis. The hit-and-miss
transform is a binary morphological operation that can be used to search an image for certain
patterns of foreground and background pixels. It is the most fundamental binary
morphological operation, as practically all other binary morphological operators can be

deduced from it.

The Zhang-Suen algorithm operates on black pixels with eight neighbors. This indicates that
pixels near the image's border and corners aren't evaluated. Starting with a black pixel, it

determines which of its neighbors will be white under certain conditions.

In the Guo & Hall thinning algorithm, contour pixels are examined for deletion in an iterative
process. The decision is based on a 3 x 3 neighbourhood. In each iteration one cycle deletes

the north and east pixels while the other turns south and west pixels into black.

Lastly, reminding that datasets are also an important factor in estimating the human pose in
images and in frames. Although body datasets diversified in the HPE area, the most well-
known three datasets are listed in Table 3.1. The first dataset in the table, the COCO, is
widely used with CNN models in the literature. The dataset includes images annotated with
17 key points for each person. The second dataset MPII is another body dataset that consists
of 16 key points for a person. The most important difference between COCO and MPII is
while the former has support for multi-person HPE, the latter does not. The last dataset in
the table is the Al Challenger dataset It is the largest one and it consists of high-resolution

images. However, among these three, it has the least key points.
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Table 3.2. Human Pose Estimation Datasets

Total number of Human images Key Points
images
COCO [63] 200k 250k Upto 17
MPII [64] 25k 40k Upto 16
Al Challenger
Human Keypoint 600k 300k 14

Detection [65]

3.2. USABILITY TESTING METHODS

Human-centred design, according to 1SO 9241-210, is an approach to systems design and
development that focuses on the use of the system and applies human factors/ergonomics
and usability knowledge and techniques to make interactive systems more usable [66]. In

this section test and evaluation methods are presented.

3.2.1. Test Methods

Usability test environment and the methods of performing the test is important. Usability.gov
defines the behaviour models of subjects performing the usability test under 4 headings;
(concurrent think aloud, (ii)in retrospective think aloud, (iii)concurrent probing,
(iv)retrospective probing [67]. First model is applied by letting participants talk about the
product when the test is going on. This approach aims to keep the participant’s consciousness
alive. For the second one, retrospective think aloud, participants watch the video replay of
their actions after the test session is complete. In the third model, moderators ask follow-up
questions to participants when they act differently from expected. The last one requires
waiting and asking follow-up questions after the test session is complete. Generally, the last
one is applied with a combination of other models.

Moreover, there are several metrics which is useful to collect during the course of testing.
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Successful Task Completion: Each scenario involves the collection of unique
information that would normally be used in a routine activity. As the participant
signals that they have found the solution or fulfilled the task goal, the scenario is
considered complete. You might wish to ask participants multiple-choice questions
in some circumstances. Include the questions and answers in the exam plan and make
them available to note-takers and observers.

Time On Task: The time it takes for the participant to finish the task.

Critical Errors: Critical mistakes are departures from the scenario's completion
objectives. For example, owing to the participant's workflow, reporting the incorrect
data value. In essence, the participant will be unable to complete the assignment. The
task aim may or may not be inaccurate or partial, and the participant may or may not
be aware of it.

Non-Critical Errors: Non-critical errors are ones that the participant recovers and that
do not preclude the participant from successfully completing the task. As a result of
these inaccuracies, the work is accomplished in a less efficient manner. Non-critical
mistakes include exploratory activities such as opening the wrong navigation menu
item or wrongly utilizing a control.

Error-Free Rate: The error-free rate is the percentage of test takers who complete the
job without making any errors.

Subjective Measures: These are self-reported participant ratings for satisfaction, ease
of use, discovering information, and other factors, with participants rating the item
on a 5- to 7-point Likert scale.

Likes, Dislikes and Recommendations: Participants share what they loved most

about the site, what they disliked the most, and suggestions for how to improve it.

Evaluation Methods

Usability is a combination of factors including; intuitive design, ease of learning, efficiency,

memorability, error frequency and satisfaction [68]. Intuitive design entails a near-intuitive

grasp of the site's architecture and navigation. The speed with which a user who has never

seen the user interface before can do basic tasks is referred to as ease of learning. The

efficiency of use is how quickly a skilled user can complete activities. Memorability refers
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to a user's ability to recall information from a website long enough to use it successfully on
subsequent visits. The frequency and severity of errors users make when using the system,
as well as the severity of the faults and how users recover from them, are all factors to
consider. The user enjoys using the system, as evidenced by subjective satisfaction. The
System Usability Scale (SUS) survey [69] consists of statements that evaluates above
factors. It has 10 statements and it uses a Likert Scale between 1 to 5. The statements that
are odd 1 are subtracted from the score the user provides for the statement. For the even
statements, the given score is subtracted from 5. At the end, sum all these numbers are

multiplied by 2.5.

Moreover, an ISO standard introduces additional factors such as user interface aesthetics,
accessibility and operability. Adding some statements to the survey gives more information

about the usability of the system.
3.3. STATISTICAL ANALYSIS METHODS

When performing statistical analysis, first of all, the reliability of the data to be analyzed
should be measured. The most common method for this measurement is Cronbach's Alpha
[70]. Let Xi denote the observed score of item i and X the sum of all k items in a test. Let oij
denote the covariance between X; and X, oi* (=cii) indicate the variance of Xi, and ox?

indicate the variance of X. ox? including the item variances and inter-item covariances:

k k 52
pT = —<1 - LGL) (3.5)

k-1 o7

The higher pt value shows that the statements are reliable for defining the concept. Also, it

Is possible to capture the reverse direction by analysing correlations between statements.

Another analysis method for small sample size is the t-test. Under the null hypothesis, it is
any statistical hypothesis test in which the test statistic follows a Student's t-distribution. The
t-test is often preferred when the test statistic has a normal distribution and the value of a
scaling component in the test statistic is known. When the scaling term is unknown and is

replaced with an estimate based on the data, the test results follow a Student's t distribution.



26

For example, the t-test may be used to evaluate if the means of two sets of data are

significantly different.

t =

Z_X—u
s o/Vn (36)

distribution. For example, the t-test may be used to evaluate if the means of two sets of data
are significantly different.

By creating bounds of agreement, the Bland-Altman (B&A) plot describes agreement
between two quantitative measurements. The mean and standard deviation of the
discrepancies between two measurements are used to calculate these statistical boundaries.
They employed a graphical approach to examine the assumptions of normality of differences
and other properties. Each of the n samples is represented on the graph by the mean of two
measurements as the x-value and the difference between two values as the y-value value for

a sample of n observations as in Figure 3.10.

Bland-Altman Plot
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Figure 3.10. Bland Altman plot [71]
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The Pearson Correlation Test is a method for detecting if two sets of data have a linear
relationship. The Pearson correlation coefficient is the ratio of two variable’ covariance to
the product of their standard deviations and this coefficient is always between -1 and 1. The
measure, like covariance, can only show a linear correlation of variables and eliminates
many other forms of interaction or association. The age and height of a group of high school
students, for example, should have a Pearson correlation value that is considerably more than
0, but less than 1.

_ cov(X,Y)

- "' 7 3.7
Pxy Oy Oy (3.7)

Where cov is the covariance, oy is the standard deviation of X and o, is the standard

deviation of .
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4. ANALYSIS AND DESIGN

In this section, the problem that is the subject of the thesis research is described. From these
stages of the research, some functional and non-functional requirements are determined. The

identified requirements and the solution domain are presented.

4.1. PROBLEM DEFINITION

The problem definition process is carried out with a team of an orthopedic doctor and two
experienced physiotherapists. It has been stated that patients with reduced mobility due to
foot disorders such as plantar fasciitis and Achille tendinopathy have difficulty in coming to
the clinics. For this reason, patients may not receive any treatment, or their healing process
is prolonged. Clinicians have stated that there is no remote system that can be easily used
for ankle ROM measurement, which is known to be a risk factor for the previously

mentioned diseases.

As discussed in the previous section, techniques exist to remotely measure ankle ROM non-
invasively. These techniques are performed through photography or video. Some require
finding joint points and marking them but this needs experience in finding joints. Others
calculate the Rom angle by detecting the human pose. However, these techniques require
additional equipment such as a high-resolution camera, Kinect or sensor system. It is
possible to estimate human pose by using a smartphone camera but there is no application

or system which is validated for measuring ankle ROM.

These identified problems led to the thesis research. The proposed system can be used
measuring ankle ROM remotely. In addition, whether usability of the system affects the

measurement quality.

4.2. REQUIREMENTS

The functional requirements are detected with a use case scenario defined by clinicians. The

scenario is below:
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Figure 4.1. Use Case Diagram of the Proposed System

The patient who can speak Turkish should use a system with authentication. Both user and
sociodemographic information should be gathered. S/he should fill questions about the
medical history. Then, information about the level of her/his ailment should be gathered for
both sides of the feet In the meantime, a question should be raised to ask whether the patient
feels a hindfoot pain at night or not. Patient should continue to use the system in both cases
but if her/his answer is yes, the system should display the clinician’s information. After
dealing with all questions, ankle ROM should be detected non-invasively. The system should
show the patient how to perform measurement with an explanatory text and a tutorial video.
At the end, both clinician and patient should be informed about measured ankle ROM.

Within the scope of the use case shown above (see Figure 4.1), it is aimed to develop a
system to gather information about hindfoot pain related diseases, and to calculate the risk

factor (limitation in ankle ROM) . In order to propose a solution to the problem, it is required
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to implement a client-server system because the data should be collected remotely from

patients and can be accessible to physiotherapists.

In this scenario, the client should be a mobile application that can gather the required data.
Each patient should be associated with a user account to be able to authenticate her/himself.
If internet connection exists, the user should register and login to the system. If there is no
connection, the user cannot perform the authentication. However, the application should run
offline as a quality requirement. In this case, a previously logged in user should be able to
use the application. Consequently, to store the data when connection is lost, there should be
a local database. Moreover, methods with camera components should be utilized to quantify
ankle ROM in a non-invasive way. Therefore, the device that is hosting the application
should have a camera component. The videos taken by the patient using the camera
component should be stored in the file system of the device because of the offline feature of
the application. When the connection is established, the patient should be able to upload the
previously recorded video. All collected data including the video should be able to be
transmitted over mobile data or WiFi channels.

On the other end, server-side, multiple services should be provided to meet the scenario. In
addition to services such as user management, and data storage, the server should also
provide ROM angle measurement service. For the user management and the data storage
services, a relational database should be facilitated. Furthermore, data storage service
involves archiving the video files. Last but not least, the ankle ROM measurement service
should be able to detect human foot from a video file. For this purpose, the server should be
capable of running the machine learning frameworks such as Tensorflow, and Keras. Also,
the server should be compatible with CUDA which is a parallel computing platform and
application programming interface that allows software to use certain types of graphics

processing unit (GPU) for general purpose processing.

4.3. DESIGN

As described in the requirements, a client-server model is designed. Client side includes
mobile devices that can run on Android operating system, and run the mobile application,
which is designed to collect socio-demographic information and foot-ankle-specific

information of individuals in Turkish language. The application is intended to provide
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interaction between the system to be developed and users. It is planned to transmit user data

to the platform over the same system infrastructure.

The server side infrastructure to be developed consists of a web server, database server and
an application server which provide services running on a Linux-based operating system. In
addition to services such as user management, data storage and web interface, the server is
also intended to provide ROM range measurement. It is aimed to calculate (detect) risk
factors for hindfoot disorders with ROM range measurement. Figure 4.2 shows how ROM

measurement service interacts with clients and other system components.

Client Web Server Application Server Database Server
|
Send a video file N E
Save the file toI shared folder N
T >
Save the filename to process list N
|
' Upload status I I I
< : i i
loop Read process list »
for each Copy next file o local file system
video >
Extract frames from the video
|
H—)
loop I Y
for sach Measure ankle ROM
frame i —
Detect min and max ROM
among all frames
Insert the measurement __i
Quierry the mail address of the patient N
Email of patient
{ _______________________________________
Send mail to the user
O i R e LR LR
i
j
|
i i i i
:

Figure 4.2. Sequence diagram of ROM Measurement service

In the designed system (Figure 4.2), the service is started when the customer sends a video
to the server. The web server receives the sent packet and writes the video to the public
folder. It also adds the filename of the video to the list of processes in the public folder. Since
the measurement time of the measurement algorithm may be long, the web server returns a
response to the customer at this point. In the next part of the service, the measurement

algorithm is triggered by time and reads the file names written to the process list sequentially.
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It copies the file corresponding to each name it reads to the local file system in order to
preserve the original file. The ROM angle is calculated for each frame by dividing the video
file in the local file into frames. Minimum and maximum measurements are made for each
video file and the difference between them is written to the database. The measurements

made by querying the user email address database are notified to the user by email.
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5. IMPLEMENTATION

Considering the previous section, a client-server system is implemented as shown in Figure
5.1. Bearing in mind the requirements highlighted in the previous section, the system
consists of two main components: Mobile and Cloud.

Access Point Application Server

Maobile devices

Web Server Database

Basze Siation

Maobile Component Cloud Component

Figure 5.1. Overall architecture of proposed system

5.1. MOBILE COMPONENT

The mobile component will consist of the mobile application developed in accordance with
the mobile device and device operating system on which the software will run. Accordingly,
the mobile component will consist of software that creates a user interface suitable for the
screen sizes of the device used, instantly stores the collected user data, communicates with

the cloud component, and safely directs the stored data to the right service.

5.1.1. User Interface

It is envisaged that the mobile application will consist of 7 screens. User login form is

designated to be the first screen among the created interfaces. Two options are offered on
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this form; one is that new users can access the registration screen, the other is that registered
users can log into the system. People who want to create a new user registration are able to
reach the registration screen by clicking the “Kayit OI” text in blue color (Figure 5.2a). The
registration page is created as a form screen where users can enter their sociodemographic
(name, surname, contact, date of birth, height and weight) information and create a user
account by setting a password (Figure 5.2b). In this screen, Ul components are utilized to
simplify the data input. Text data is collected with EditText objects. The Date of birth is
selected using the DatePickerDialog object. Also, users identify their height and weight with
the SeekBar object. The selected value is displayed at TextView located at the end of the
SeekBar. After all sections are filled using these Ul components, the information will be
saved with the “Kayit O1” button. The registered user is able to 10g in to the system pressing

the “Giris" button with the account information s/he has created after this stage.

1246 W40 L] 12454 0

Dijital Adimlar Dijital Adimlar

@ Dijital Adimlar Kayit Formu
L)

Girig Formu

KAYIT OL

(a) (b)

Figure 5.2. Mobile app login/register screens

When the user logs in to the system with the account information previously created, s/he is
faced with screens showing questions about chronic disease (diabetes mellitus,
complications of neurological and internal disorders) information and the history of

surgery/injury (Figure 5.3a-b). In order to facilitate data entry in the information collection
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process and increase the usability of the application, it is planned to use checkboxes for these
questions. Upon answering these, the information entered is saved into the local database by
clicking the "Sonraki" button and it is transferred to the hind foot pain screen. As soon as
this screen changes, , the night pain dialog box will appear on the screen (Figure 5.3c). Users
who state that they do not have night pain will be directed to the “Sag Ayak” screen, which
is the next screen in the application. On the other hand, users who state that they have night
pain will be able to contact their doctor using the communication options provided (Figure
5.3-d).

Dijital Adimlar Dijital Adimlar

Kronik ( siregen) bir hastakgnz
var mi? ( Birden Fazla Segenek
igaretieyebilirsiniz)

Son 3 ayda herhangi bir yaralanma/
travma/ameliyat gegirdiniz mi 7 ( Birden
Fazla Seenek isaretieyebilirsiniz)

Y e T e

Figure 5.3. Medical background and status screens

The screen for collecting data about foot pain has been created in a structure where the user
can easily enter the pain degrees, regions, and durations for the right and left feet in various
situations (for example, when waking up in the morning, inactivity) (Figure 5.4a-b). The
layout of these screens, which were created to collect right and left foot data, was kept the
same in terms of ease of use and learnability. For the sake of distinguishing one from the
other, colors are assigned to the sides of the foot. In other words, screens or tasks related to
the right foot have pink color while those related to the left foot have a blue color. If the
required data is entered and the “Sonraki” button is pressed, the user is directed to the risk
factors data collection screen, which is the next screen in the application. In the risk factors
screens, the user will be greeted with the screen designed for the ROM measurement service

(Figure 5.4c). In order to explain how the video should be taken for the measurement, a
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tutorial video demonstration is placed on the screen using a VideoView. This instructive
video is displayed when an internet connection exists. After watching the tutorial, users can
select to upload the video via shooting the video or choosing the video from the local file
system of the device. For each foot, there are two buttons corresponding to these two options.
Users press the "Cekin ve Yiikleyin" button to open the camera of the device. If the "Segin
ve Yiikleyin " button is used, then the gallery of the phone is opened for choosing the desired
video. With the "Son" button the data except the video file is sent to the server and a Toast

message is displayed indicating that the measurements will be emailed when it is calculated.
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Figure 5.4. ROM measurement screen mock-ups

5.1.2. Local Database

In order to have an offline feature, the SQLite database engine is facilitated.
Sociodemgrphical and user data does not stored in the local database because it is not
possible to register without a connection. When the user register, two entries are inserted
into the user table and patient table of the main database. After that when the user login to
the system, patient_id is sent from cloud component to the mobile application. This data is
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stored in the patient table of the local database. In addition, it has the tables to store the data
collected from the screens about chronic pain, surgery, detailed pain information for both
sides of the feet (Figure 5.5). As seen in the figure, night pain is also stored in the patient
table because these two has 1 to 1 relationship between each other. Except patient table,
private key of all tables are autoincremented.

Chronic

PK

id int NOT NULL

FK1

patient_id int NOT NULL

waist_pain tinyint

inner_disease tinyint
neurologic tinyint

diabetes tinyint

other_chronic varchar(255)

Surgery

PK

id int NOT NULL

Patient

PK

patient_id int NOT NULL

night_pain tinyint

FK1

patient_id int NOT NULL
foot tinyint

knee tinyint

hip tinyint

other_surgery varchar(255)

RightPain

PK

id int NOT NULL

FK1

patient_id int NOT NULL
morning_pain int
activity_pain int

location int

duration int

LeftPain

PK

id int NOT NULL

FK1

patient_id int NOT NULL
morning_pain int
activity_pain int

location int

duration int

Figure 5.5. Entity Relationship Diagram of local database

Furthermore, videos taken by the user will be saved in the file system of the mobile device.
In case of connection problems, users do not lose the data, and this leads to the application

being easier to use.

5.1.3. Backend

The developed mobile application and related mobile device components are shown on
Figure 5.6. The mobile application is a software which performs the identified tasks in
previous sections by utilizing the components of the mobile device. In order to manage the
data the user provides, the mobile application creates queries to insert data into the local
database and retrieve data from it. For the ROM measurement case, it guides the users to the

camera component in the necessary sections and enables them to take videos. These are
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saved in the file system of the device in mp4 (Motion Pictures Experts Group Layer 4 format)
format. This format is preferred because it is the default option for devices with Android OS
and also provides compression to the files. Therefore, there is no need to convert the video
file which requires more resources. All the data that is collected with the mobile component
and sent to the cloud component is converted into JSON objects by the mobile application
using JSON notation. These created JSON objects are calculated and transmitted via the
hardware control unit in the mobile device. This unit provides routing of the data via mobile
data or WiFi options regarding the channel suitable for the user's situation. On the other
hand, the data coming from the cloud component to the mobile component is also directed
to the mobile application through this unit.

Node s
application

Encrypted 551

Hardware HTTP

gamemi Mobile —*  contio = (HTTPS)
Application (m] H 1

Companent unit L
- ‘ A Wab Server

Android 08 Linux 05 Linux 0§

Mobile Device

—
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Figure 5.6. Detailed architechture diagram

5.2. CLOUD COMPONENT

Cloud component runs on Amazon Web Services (AWS). It consists of three EC2 Ubuntu
servers which are functionally a web server, an application server, and a database server in
a virtual private cloud (VPC). Amazon Web Server’s t2.micro product is used for web server
and database server while application server is running on t2.medium. The details of server
virtual machine type will be discussed in the following section. Furthermore, in this section,

implementation of these three servers are described.
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5.2.1. Web Server

As mentioned before this server is running on AWS t2.micro which has a capacity of 1
virtual CPU (a hyperthread of an Intel Xeon core) and the memory volume is 30 GiB. It runs
Ubuntu 20.04 operating system. An Nginx web server is running on this instance and the
server application is developed using Node.js framework.

Considering functionality of this server as seen in Figure 5.6, it welcomes the data packets
coming from the mobile component to the cloud component. The server is accessed from
“romm.persystlab.org” hostname. Because it is the interface for cloud components it has a

static IP associated with the hostname.

For authentication functionality, the server application listens to “POST” requests for the
register process and “GET” requests for the login process from “/auth” path. When the
registration packet is received from the mobile component, it includes user information and
patient information in one JSON object. The application parses the JSON and creates two
queries to insert the data in. Then, a response is created in a JSON format consisting of
“status” and “message” keys and corresponding values. After a successful registration, the
user sends a JSON object to login to the system. In this case, the application queries the
database and obtains the registered values to compare. Response format created for this
transaction is the same as the format of the registration. Moreover, in case of successful

login, patient_id is written to the response as the value of the message.

For data storage, the mobile component sends all chronic, surgery and pain information as
one JSON object to “/info” path with a post request. Corresponding patient_id is also added
to this JSON object to identify the owner of the data. The server application parses the
received JSON object and the JSON arrays included. Then, it creates an SQL query for
inserting the data into the relevant table. In all cases, a response is sent in the same format,

the content of which changes depending on the status.

For video demonstration, the server application streams the video from the “/video” path.
On the other hand, the user uploads the video files to the same path with a “POST” request
whose content-type is multipart/form-data. This multipart also includes patient_id and a side
information which are added to the packet as a JSON object. Therefore, when the server

application receives this packet, it stores the video into the shared folder with a name in
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format of patientID_side_timestamp.mp4. Furthermore, the name of the file is written to the
process list which is located in the shared folder. Storing video and writing the name of the
video to the list are performed as child-processes because the shared folder is accessed with

sudo permission. After all processes are completed, the server application sends a response.

5.2.2. Database Server

The database server has the same hardware features as the web server. The operating system
that this server runs upon is also Ubuntu 20.04. Functionality of this server is different from
Web Server. The infrastructure in which user, patient, medical history information and risk
factor measurement data stored in the cloud component is a relational database management
system namely MySQL DBMS. Considering all the data, an entity relationship design has

been carried out and is presented in Figure 5.7.

The information collected during user registration (Figure 5.2a) is stored in the user table
and patient table in the database. There is a one-to-one relationship between these two tables.
Data about users' chronic diseases is kept in the chronic table and surgery/injury information
(Figure 5.3a) is kept in the surgery table. Due to this information can be changed through
time so the relationship between the two tables is one-to-many (1-N). All pain information
of the patient for both feet is stored in the pain table, different from the local database.
Additionally the night pain is also stored in the pain table in the main database. The
relationship between the pain table and the patient table is more than zero because the pain
can be changed through time. It is needed to store the changing values because of monitoring
the patient status. On the other hand, in the rom_measurement table, it is stored information
namely side of the foot, path of the media files (Figure 5.4) and the results of the
measurements performed on the videos. The media is uploaded at different times for each
patient and it is required to keep both data to record measurements through time. Therefore,
the relationship of the measurement results of the media in question with the patients is also

arranged in a one-to-many way.
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Figure 5.7. ER Diagram for the main database of the proposed system

Furthermore, the database server has a responsibility of archiving the video files sended by
the user. However, the video files are received by the web server first and it is needed to
transfer the files to the database server. This transfer was achieved with SAMBA protocol.
In order to perform the data share with this protocol, samba server is configured on the
database server. The shared folder is mounted to the /mnt directory of the other two servers.
Therefore, whenever a video file is received by a web server, it is stored to the database

server. The application server has access to the share folder through its /mnt folder.
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5.2.3. Application Server

Application Server has the capability of t3.micro product of AWS. Consequently, there are
two vCPUs on this server. Memory volume is higher than the other two numerically 100
GiB. Deep Learning Amazon Machine Image running on this instance so it has the Ubuntu
18.04 operating system with necessary frameworks for deep learning applications. Also, it
is compatible with NVIDIA CUDA which provides parallel processing and improves the

performance of deep learning applications.

This server provides the service of measuring ankle ROM. To be able to do this, the shared
folder is mounted to the filesystem of this server as a samba client. Because this
configuration is reset when the instance is rebooted, a chronejob is added to the list to set the
samba connection at reboot. When the connection is established with the shared folder the
server reads the process list every 5 minutes. The reason behind this, output of the ROM
measurement application is ready in approximately 2 minutes. Therefore, the ROM
application is triggered by a chronejob, not by a request. When the filename is read from the
process list, it is copied to the local file system to protect the original file. In the meantime,
the corresponding line is marked to show the measurement for this file in progress. After
these preparations the application developed for measuring ankle ROM is called. The output

of the application is written to the database and an e-mail is sent to the user.

5.3. ANKLE ROM MEASUREMENT IMPLEMENTATION

It is aimed that the ankle ROM measurement application takes the videos from the file
system as input and gives the ankle ROM range result as output. In order to make this
measurement, a list of images will be extracted from each video by dividing the videos into
frames with ffmpeg. Specifically, two frames are derived every second. The model
developed for ROM measurement is designed to work on images. In this model, the region
expressing the foot shape in each image is determined by using multiple segmentation
algorithms . Before segmentation, the luminosity enhancement is made for the frame due to
the high segmentation performance. Using the OpenCV library, the color space of the frame
was shifted from BGR(blue,green,red) to LAB(lightness, (red,green), (blue,yellow)). In this
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color space, CLAHE is applied to the L chanel of the frame to equalize the histogram of the
lightness but limiting contrast (Figure 5.8b).

Original CLAHE_image

(@) (b)

Figure 5.8. CLAHE enhancement

From the resulting frame, foot shape is detected with the Mask RCNN [59]algorithm trained
with the COCO dataset [63] is applied. is applied. Using this algorithm, a mask of the region,
a bounding box, and a prediction rate are created. In our case, the mask may not be precise
enough because the input video is created via a mobile device camera. To improve the
measurement, skin color filters are applied to the masked images via color segmentation.
Skin color mask is detected on both HSV and YCrYcb color spaces. Channel ranges used
for both spaces are in Table 5.1.

Table 5.1. Color ranges used for skin detection

Color Space Minimum Maximum
HSV (1, 30, 30) (33, 235, 235)
YCbCr (5,133,77) (235,200,150)

These two skin color masks are combined with bitwise and operation to capture similarities

of both masks. Gaussian blur and dilation are applied to the resulting mask to close the gaps



44

in the masked area. After all segmentations and operations foot form is attained as the image

as in Figure 5.9c.
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Figure 5.9. Mask RNN and Skin segmentation in BGR color space
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To calculate ankle ROM, extreme points are determined on the foot image by grabbing
contour on the frame. Rightmost, Leftmost, Bottom, and Top points are identified applying
contour technique to the image in Figure 5.9b. To find the ankle point, Guo-Hall thinning
algorithm is applied to the image in Figure 5.9c. This algorithm creates fork points in the
corners (Figure 5.10a). In our case, which is the shape of the foot, the fork occurs
approximately on the ankle. To detect this intersection point, a list of 9x9 filters is created
via combination. In each filter, the center pixel and 3 or 4 pixels of the border are occupied.
The extreme points and ankle point is seen in Figure 5.10b. Color codes for points are in
Table 5.2.

Table 5.2. Color Codes for extreme points

Extreme Point Color
Rightmost Green
Leftmost Blue
Bottom Yellow
Top Red
Middle Orange

The location of these extreme points can change in different positions of the foot and leg.
For example, when plantar flexion is performed, the location of the top point may not be the
toe, unlike Figure 5.10b. In order to regulate this situation, a decision mechanism was
created. This mechanism decides which points will be included, based on their distances to
each other. Again, considering the plantar flexion position, the top point maybe somewhere
on the leg in Figure 5.10b. In this case, the distance between the top and the leftmost point
is smaller than the distance between the top and rightmost point. It is seen that the top point
may not be appropriate for calculating plantarflexion angle. The angle between the leftmost,
bottom and rightmost points is closer to the actual value than the middle and top points.
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Figure 5.10. Finding skeleton, detecting extreme points, calculating angle
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6. TEST AND RESULTS

In this section, description of the test environment, statistical analysis of test and usability
evaluation of the system are presented. All data analysis given in the section are calculated
with the SPSS tool.

6.1. USABILITY

Usability test is conducted among 15 people. The descriptive data of the participants

including age, height and weight are shown in Table 6.1.

Table 6.1. Descriptive data of usability test participants

N=15 Minimum Maximum Mean £SD
Age (years) 18 24 20.33+1.34
Height (cm) 157 183 171.18+8.91
Weight (kg) 47 91 64.93+13.82

Usability testing was carried out in accordance with retrospective probing conditions. In
order to collect successful task completion and time on task data, all subjects are assigned to
perform three tasks; (i)register/login, (ii)answer medical information, and (ii)ROM
measurement. An introductory document explaining how to complete each task is given to
the subject before the test starts (APPENDIX A). The completion time is measured for each
task. After the test, a survey is conducted in order to evaluate the subjective data like the
user aesthetics, learnability,satisfaction and efficiency of the system. Also, SUS questions
are added to the survey to detect the usability score of the system (APPENDIX B).
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First finding is the usability score which is calculated according to its definition. Average
score is found as 76.5 /100 which means that the application usability is high and participants
acclaim the system. Furthermore, it is questioned whether SUS score affects the difference
between measurements taken by the system and the physiotherapist. After regression
analysis, it is found that the SUS score does not affect the measurement validity.

In order to facilitate the data of the subjective statements, a reliability and internal
consistency analysis is performed. Chronbach’s Alpha analysis is chosen to depict the
reliability and internal consistency of the statements. Results are found greater than 0.7 so
that all analyzed subjective expressions were internally consistent for measuring the defined

concepts.

Case Processing Summary Case Processing Summary Case Processing Summary
i % M % I %
Cases Valid 14 833 Cases Valid 15 100,0 Cases Valid 15 1000
Excluded? 1 6,7 Excluded® 0 0 = ToE - :0
Total 15 100,0 Total 15 100,0
a. Listwise deletion based on all a. Listwise deletion based on all Total 15 1000
variables inthe procedure. variables in the procedure a. Listwise deletion based on all

variables inthe procedure.

Reliability Statistics Reliability Statistics
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Figure 6.1. Cronbach’s Alpha Reliability test results for user aestetics, learnability and

efficiency

After finding consistency of the statements, it is deduced that the system has approximately
moderate efficiency and outstanding aesthetics and learnability features by analysing the

mean values of the corresponding data. These mean values are reported in Table 6.2.
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Table 6.2. Mean values of subjective statement data

User aestetics Learnability Efficiency

Scores 4.26/5 4.28/5 2.93

To investigate the efficiency data further, the correlation between efficiency and time to
perform the task is examined. The correlation is inspected to apply Pearson’s correlation test
because it is found that two data is normal. It appears that there is a correlation between one
of tasks and the efficiency. As seen in Table 6.3, the correlation is negative. It implies that
more than half of the users think that application is not efficient while they do not spare time

to complete the answering medical information task.

Table 6.3. Pearson Correlation value between efficiency and Tasks

Register/Login Answering ROM
task Medical measurement task
Information task

Efficiency mean Cannot found any -0.523 Cannot found any
significant significant
correlation correlation

6.2. ROM MEASUREMENT

In this section, the analysis about ROM measurement are presented. The ROM measurement
is calculated for 8 people of 16 feet Measurements are taken in a physiotherapy laboratory
environment with experienced physiotherapists. Different from usability test, we have lesser
number of participants. Gender of the participants also varies. Participant’s more detailed
descriptive data are presented in Table 6.4. It shows mean age, mean height and mean weight

with the standard deviations.
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Table 6.4. Descriptive data of participants

N=8 Minimum Maximum Mean +SD
Age (years) 18 24 20.68+1.72
Height (cm) 157 183 170.2749.21
Weight (kg) 47 91 65.09+14.52

The measurement performed by the developed system is compared with physiotherapist

goniometric measurement. The normality of two data is analysed and they found normal.

Table 6.5 shows the normality test results for two data groups.

Table 6.5. Tests of Normality ROM Measurements

Kolmogorov-Smirnov? Shapiro-Wilk
Statistic df Sig. Statistic df Sig.
romApp 160 16 200" 904 16 .092
romUG 159 16 200" .954 16 563

*. This is a lower bound of the true significance.
a. Lilliefors Significance Correction

Because Shapiro-Wilk is not significant, it can be accepted that these two data have normal
distribution. Also, Skewness and Kurtosis values are between -1,5 and +1,5, the normality
of two data groups is verified (Table 6.6). Although having a normal data distribution lets

us perform Pearson’s Correlation test results, any correlation is not found between ROM

range measurements.
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Table 6.6. Descriptives of the ROM measurement data

Statistic Std. Error

romApp Skewness 844 .564
Kurtosis -.062 1.091
romuG Skewness 574 564
Kurtosis .050 1.091

Furthermore, dorsiflexion and plantar flexion data are analysed separately. However, DF
measured by the physiotherapist (dfUG) are significant according to Shapiro-Wilk and
Kolmogorov-Smirnov. Skewness and Kurtosis values also show that we cannot perform
Pearson correlation test on these data (Table 6.7). Therefore, Spearman correlation is
performed for this data. However, statistically significant correlation is not found between

two measurement techniques.

Table 6.7. Tests of Normality for plantar flexion and dorsiflexion data

Kolmogorov-Smirnov? Shapiro-Wilk
Statistic df Sig. | Statistic df Sig. Skewness | Kurthosis
dfApp = .151 16 200" 929 16 235 -.984 65.9475
pfApp = .141 16 200" 961 16 .682 -.233 -.975
dfuG 297 16 <.001 .815 16 .004 431 33.75
pfuUG 187 16 140 939 16 333 421 -.675

a. Lilliefors Significance Correction

As a last analysis, agreement on the data group is examined with the Bland & Altman plot.
First, ROM values measured by app and physiotherapist are investigated. Mean and
differences of data groups are found. Then, we should test the difference value with one
sample t-test to state that there is no statistically difference between measuring with two
methods. Table 6.8 shows the results of one sample t-test for ROM difference(difference),
plantar flexion difference (pdiff) and dorsiflexion difference (ddiff).
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Table 6.8. One Sample t-test for difference values of ROM, PF and DF

t
difference | 1.215
pdiff 1.671
ddiff -1.203

Test Value =0
df Significance Mean
Difference
One- Two-
Sidedp = Sided p
15 122 243 15.10750
15 .058 115 32.19750
15 124 247 -16.84000

95 percent Confidence
Interval of the

Difference
Lower Upper
-11.3967 41.6117
-8.8622 73.2572
-46.6680 12.9880

From the definition of Bland & Altman plot, upper and lower bounds of confidence intervals
are added to the plot. Figure 6.3, 6.4 and 6.5 show the B&A plots of ROM measurement,

dorsiflexion measurement and plantar flexion measurement. As a result, it is seen that all

data are within the confidence interval. Therefore, we can conclude that measurements taken

by the system and the physiotherapist are in agreement when measuring dorsiflexion,

plantarflexion and ROM range.
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Figure 6.2. Bland & Altman Plot for ROM range measurement
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Figure 6.3. Bland & Altman Plot for plantar flexion range measurement
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Figure 6.4. Bland & Altman Plot for dorsiflexion measurement
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7. DISCUSSION AND CONCLUSION

In this thesis, a system is developed to detect the ankle ROM from a video containing only
the foot region. Because the foot has a very low number of features on the sides, it is hard to
detect only the foot in a video or in an image. Even if we consider the most well-known
human pose estimation algorithms, it can be clearly seen that they fail to detect the foot
region in a given picture frame when the image does not contain the rest of the body. For
example, BlazePose [72], which is a lightweight human pose estimation algorithm, can
detect feet’s key points in an image. However, if the source image does not contain the full
feet - i.e. also contain the knee itself, even the BlazePose algorithm cannot detect the key of
a foot properly. Figure 7.1a lists the predefined key points of the BlazePose; and also Figure
7.1b/c provides screen captures of BlazePose results when executed on a pre-recorded video.
The big red points on images shown in Figures 7.1b and 7.1c correspond to the ankle point

-27" point from the predefined list.
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Figure 7.1. BlazePose keypoints and implementation on the input images
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In addition, the OpenPose algorithm is also used to determine whether a foot area or person
can be found in a source video. As can be seen in the following example, even the OpenPose
can have issues in detecting a person in an image or video shot too close-by to person or

body part (Figure 7.2).

T T—_—

i OpenPose =i foi‘-ﬂﬂﬁg] J—F )
e 1 i

Paoulzi O

Figure 7.2. Unsuccessful detection of human using OpenPose

On the other hand, the algorithm developed in the scope of this thesis enables detecting the
foot region independent of background and other body parts and calculating the ankle ROM
angle. In order to measure the validity of the algorithm and usability of the system, a real-
life study was conducted. Eight people participated in this study, and their ankle ROM ranges
were calculated using both the developed system and the physiotherapists’ usual
measurement method. In addition to the above objective evaluations, the system is also
evaluated by the end users from a subjective perspective. Hence, the participants are asked
to fill a usability questionnaire after using the prototype system.

Initially, the first question attacked by this study was whether the prototype system’s and the
physiotherapist’s calculations had a normal distribution. Pearson and Spearman correlation
tests are applied to the data and it was found to be normal, with no statistically significant
correlation. Since the data set was small, the analysis was also refined with the Bland &
Altman plot. To apply B&A, first of all, the data is analyzed with a one-sample t-test and the
difference between the data sets are proven to be different from 0. Thus, it has emerged that
a B&A plot can be performed. In this plot, it is determined that all data is within the
confidence interval. This situation can be interpreted as there is an agreement between the

two data sets.
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Since the data is provided by the users, it is thought that the usability may also be effective
in the measurements. For this reason, various analyses related to usability are made. The first
of these analyses is the usability score measurement. This measurement result yielded to be
quite high as 76.5/100. Additionally, efficiency, learnability and user aesthetics factors were
also questioned, and it was determined that the measurements made with these factors were
higher than Cronbach's Alpha. The efficiency score was low compared to other statements,
so it is compared to users' task completion times. The findings of this comparison shows that
completion times do not support user responses. In this section, it was determined that 52
percent of the users gave low scores even though they performed the task very quickly.
Finally, it is found that usability score does not affect the difference between system’s and

physiotherapist’s measurements.

As a result, our objective and subjective test show that the system can be used to obtain the
ankle ROM angle by inexperienced users outside the clinical setting. Especially in the home
environment, videos provided by inexperienced users may have problems such as human
skin-like background or close-by shoots. As explained above, while OpenPose cannot find
a person in test videos containing only foot region, the developed system can find a person
object from same test videos with 100 percent rate. When angle measurement was made with
BlazePose, it was seen that it could not place the key points correctly and could not calculate
the angle in between. On the other hand, the developed system is able to measure angles for

each test video by placing key points

Although the system has limited accuracy in measuring ankle ROM against UG, it has
potential to be more accurate. At this point, it is remembered that goniometric measurements
are performed while one arm of the UG is pointing at the head of the tibia while the other
arm should point at the fifth metatarsal. However, the tibia head is not seen in the videos
sent to the developed system. For this reason, the most left pixel entering the frame is used
instead of the tibia head. This ensures that the margin of error changes depending on the
incoming input. It is thought that the margin of error can be reduced by conducting a study

that can predict the tibial head in future studies.

It has also been observed that some videos are not angularly aligned correctly. Such
situations also make it difficult to determine the angle correctly. In order to solve this

problem, it is possible to shoot video while the phone angle is correct by using the sensors
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of the phones such as the gyroscope and accelerometer specified in the methods section.

Thus, it is expected that the input quality will increase.

To conclude, the system developed in the scope of this thesis can be used as a remote tool
for ankle ROM range. For future work, improving the accuracy can be achieved
by enhancing the identified problems. With a larger dataset and enhancements, usability

study can be reconducted to evaluate the effects of usability on the validity of ROM.
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APPENDIX A: Usability Tasks

Task 1: Register and Login

1.

2
3
4.
5

Wait for the start command of the interviewer.
You will be greeted by the opening screen of the DigitalSteps application.
Register using the directions in the app.

Log into the system with the account you created.

. When you see a welcome message on the screen, inform the interviewer.

Task 2: Answer medical information questions

1.
2.

Wait for the start command of the interviewer.
Answer the questions you come across in the application by following the directions
until you reach the 5th screen of the application.

When you see the “NEH measurement” title on the screen, inform the interviewer.

Task 3: ROM measurement

1.

2
3.
4

Wait for the start command of the interviewer.
Upload a video to the system for both feet by watching the informative video.
Finish using the application using the “Son” key.

Inform the interviewer.
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APPENDIX B: Usability Questionnaire

DigitalSteps Mobile Application Evaluation Form

Dear participant,

This survey study has been prepared to be used in the outputs of the “Digital Steps: Remote
Evaluation and Rehabilitation of Back Foot Pains” project and the aforementioned project
jointly carried out by Yeditepe University Computer Engineering and Yeditepe University
Physiotherapy and Rehabilitation Department. The instrumentalization is purely academic
and the data obtained from the study will be used for scientific purposes. The data you create
by answering the questionnaire will be stored in accordance with the Law on Protection of

Personal Data No. 6698. Thank you for your contribution to the work.

Section 1:

1. Name Surname

2. Age
o 18-25
o 26-40
o 41-64
e 05+

3. Education
e None
o Elementary
e High School
e University
e Msc/Phd



68

Section 2:
Strongly Disagree Neither Agree  Strongly
Disagree agree Agree
nor
disagree
1 | The font of the text in this app was O O O O
legible.
2 | The application contains O O O O
instructions to facilitate use.
3 | It takes a long time to load visual O O | |
elements using the app.
4 | The text size used in the app was O O O O
very small.
5 | To perform a task, | have to O O | (]
remember a lot of information over
several actions.
6 | The informative videos in the app O O O O
take a long time to load.
7 | Learning to use the app was O O O O
difficult.
8 | The images used in this application O O O U
were beautiful.
9 | While using the application, I did O O O O
not know what to write in the
written fields.
10 | I find the app design beautiful. O O O O
11 | I had a hard time navigating to O O O O
previous/next screens in the
application.
12 | The icons and buttons used are O O O O

beautiful and recognizable.
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Section 3:
Strongly Disagree Neither Agree  Strongly
Disagree agree Agree
nor
disagree

1 | I think that I would like to use this

system frequently. O O O O
2 | 1 found the system unnecessarily

complex. O O O O
3 | I thought the system was easy to

use. O ] O O
4 | 1 think that I would need the

support of a technical person to be O O O O

able to use this system.
5 | 1 found the various functions in this

system were well integrated. O O O O
6 | | thought there was too much

inconsistency in this system. O O O O
7 | 1 would imagine that most people

would learn to use this system very O O O O

quickly.
8 | | found the system very

cumbersome to use. O O O O
9 | I felt very confident using the

system. O O O O

10 | I needed to learn a lot of things
before | could get going with this O O O O

system.




