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Abstract: The increase in life expectancy, and the consequent growth of the elderly population,
represents a major challenge to guarantee adequate health and social care. The proposed system
aims to provide a tool that automates the evaluation of gait and balance, essential to prevent falls
in older people. Through an RGB-D camera, it is possible to capture and digitally represent certain
parameters that describe how users carry out certain human motions and poses. Such individual
motions and poses are actually related to items included in many well-known gait and balance
evaluation tests. According to that information, therapists, who would not need to be present during
the execution of the exercises, evaluate the results of such tests and could issue a diagnosis by storing
and analyzing the sequences provided by the developed system. The system was validated in a
laboratory scenario, and subsequently a trial was carried out in a nursing home with six residents.
Results demonstrate the usefulness of the proposed system and the ease of objectively evaluating
the main items of clinical tests by using the parameters calculated from information acquired with
the RGB-D sensor. In addition, it lays the future foundations for creating a Cloud-based platform
for remote fall risk assessment and its integration with a mobile assistant robot, and for designing
Artificial Intelligence models that can detect patterns and identify pathologies for enabling therapists
to prevent falls in users under risk.

Keywords: fall risk; telemedicine; early diagnosis; RGB-D sensor; automation; gait; balance; tests;
elderly; digital transformation of health systems

1. Introduction

The world is experiencing an increase in life expectancy. This brings with it the growth
of the number of older people (60 years or more) who, according to the projections [1] of
WHO (World Health Organization), will represent a sixth of the world population by the
year 2030. Of course, this is a challenge from both the social and economic points of view,
having to ensure that this population receives adequate health care tailored to their needs.

One of the problems that should be addressed are falls. Each year there are 37.3 million
falls that require medical attention, and people over 60 are the ones who suffer them the
most, becoming fatal [2] in many cases. In addition, the most frequent consequence of falls
is usually hip fracture, which is associated with a decrease in functional capacity and a
high risk of subsequent death, as indicated by different studies [3–5]. On the other hand,
an investigation relates the fear of falling with a low HRQoL (Health Related Quality of
Life) rate, both physically and mentally [6].
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Also, the impact of falls on hospital pressure has been evaluated, and it has been found
to affect women more than men [5,7,8]. With all this, falls represent a high economic cost,
not only due to hospitalization, but also due to the subsequent dependence that it generates
in the people who suffer them [9].

Faced with this situation, some countries have implemented prevention programs and
their profitability has been increased [10,11]. In particular, it should be noted that in New
Zealand, a home-based method has been found to be the most cost effective [12].

Once the problem of falls has been exposed and contextualized, it is important to
review the clinical tools available to assess this risk. In the recent literature, the most used
methods are the Tinetti test [13,14], the Berg scale [15,16], the Dynamic gait index [17–19],
the test timed up-and-go (TUG) [20,21], the four-square test [22,23], the functional reach
test [24,25], and the single leg stance test [26,27]. All of them have in common that they re-
quire the presence of a therapist responsible for evaluating and supervising the process [28].

The COVID-19 pandemic has shown the existence of problems in health attention
when online platforms are needed for providing them [29,30]. Once COVID-19 risks and
consequences have been dramatically reduced, health systems are mostly working again in
a presential way. However, the adversities suffered by both clinicians and patients [31,32]
during pandemics have revealed that the digital transformation of health systems is a
pending subject, and a hybrid model capable of offering health solutions based on presential
attention and the use of online tools could improve healthcare for all actors, both from
a social and economic point of view. This is essential when patients are senior citizens
with problems to be moved to hospitals or health centers from, for example, elderly
institutions [33,34].

Therefore, there exists a need to automate diagnosis and treatments (even in the context
of rehabilitation and fall risk monitoring, and this is what some investigations propose. The
vast majority of them have chosen to integrate IMUs (Inertial Measurement Units), to obtain
signals and associate them with the score of one of the previously described tests [35–50].
This solution has some drawbacks and limitations, since it is required that people wear the
equipment on different parts of the body. On the other hand, it is usually associated with a
single test (mainly the TUG), and does not provide information about other gait and balance
parameters that other tests do take into account. Other authors use potentiometers [51],
although they share the limitations of IMUs. Therapies with exoskeletons [52–54] have
also been developed, albeit for rehabilitation and training purposes and digitally assisted
through screens [55].

On the other hand, some investigations use Computer Vision techniques [56–60], while
others have gone a step further and implement robots equipped with cameras and/or
sensors. In the study described in [56], a person performs three types of exercises, and
it is recorded by a camera located in a robot that follows a rectilinear trajectory, but the
results are not correlated with any of the previously exposed tests, and many parameters
of interest are not measured. In [61], a walker has been created for obtaining information
during the TUG test, mainly through accelerometers. In [62], a system composed of both
an inertial sensor and a robot with a camera has been developed, but is limited to measure
the lower segment of the body.

Other interesting works are focused on validating the accuracy of human motion
tracking by comparison with respect to stereophotogrammetric systems since, from the
biomechanics literature, a stereophotogrammetric system represents a gold standard tech-
nique used for validating technologies like IMU or depth camera-based systems [63–67].
This is useful where the main purpose of the system is the accurate human motion tracking.

However, if the objective is to help therapists to apply tests such as Tinetti or TUG,
where such therapists evaluate motion and poses in a coarse way, other cheaper and less
invasive technologies could be suitable, despite losing a certain degree of accuracy, since
the acquired data would be useful for early screening.

As the state-of-the-art reveals, it is very difficult to find a digital solution for helping
therapists to continually monitor and evaluate the risk of falls in elderly people and,
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additionally, to estimate their progress in terms of increment or decrement of such risk of
falls using ICTs (Information and Communication Technologies), since most of solutions
found in the literature barely implement algorithms that take measurements about motion
or pose in a usable and accessible way and present results in a comprehensible manner for
health professionals.

Therefore, designing a digital platform capable of enabling such professionals to
monitor and assess motion and gait difficulty, balance, and posture maintenance, even
remotely, would be very useful for preventing certain events related to falls in elderly
people. Furthermore, the sensors used for acquiring raw information about body pose and
motion should be minimally invasive, avoiding forcing people to wear accessory devices,
as far as possible, reducing the difficulty to carry out the tests and providing an objective
way of assigning scores for each item of such tests.

Providing such a platform is the main goal of the work described in this paper. In
particular, the system consists of a hardware device equipped with an RGB-D sensor that
allows the patients’ body pose landmarks to be captured, from which a wide number of
useful parameters are calculated, which could be stored both locally and in a Cloud-based
platform. Such parameters are closely related to the items used by many well-known clinical
tests of gait already described in the standard of care. Therefore, regarding previously
published studies, this paper presents a comfortable solution for patients, since it is not
necessary for them to wear any sensor; functional, since it can be used to assess most tests;
and comprehensive, since the results are automatically generated and accessible by health
specialists in the context of telemedicine.

The outline of the rest of the paper is as follows: Section 2 describes the materials
and methods used and designed for developing the proposed system. Section 3 shows
the tests carried out in both laboratory and real scenarios and the obtained results, and it
describes the main advantages and limitations of the system in detail. Section 4 explains
the limitations and measures for overcoming them and those open issues which are already
being or are expected to be addressed in near future. Section 5 presents the conclusions.

2. Materials and Methods

This section describes the materials and methods used and developed for imple-
menting the proposed system. The hardware and software architectures are detailed.
Furthermore, as the MediaPipe Pose solution [68] has been used for landmarks’ detection,
understanding such landmarks as relevant points in the image related to body joints, the
process for calculating relevant parameters from such joints is explained. Such a set of
parameters is useful for describing motion, gait, and balance, and they are related to the
items found in many balance and gait tests found in the standard of care.

2.1. Hardware Architecture

Instead of using wearable devices based on IMUs, the proposed system uses a Com-
puter Vision system, which could be easily placed at any location, in front of the elderly
person whose motion and posture should be evaluated. This facilitates the installation of
the system, and it is possible to use it in many scenarios with many patients if needed.

In fact, the authors of the paper are enrolled in a research project named JUNO+,
funded by the Science and Innovation Ministry of Spain, during the years 2023 and 2024.
One of the main objectives of such project is to deploy an assistant autonomous smart
mobile robot capable of helping elderly people and their caregivers to do some simple tasks,
such as attending a videocall, carrying out cognitive stimulation exercises, or monitoring
the physical state of patients (including motion capabilities and balance), among others.

As the robot is already equipped with a touchscreen, an RGB-D sensor, and a Sin-
gle Board Computer (SBC) for computation purposes, the hardware architecture of the
proposed system in this paper specifically consists of such elements. Thus, the system
developed for preventing falls will be easily integrated as an additional skill of the robot.
Figure 1 shows how the proposed Computer Vision system would be installed in the robot.
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Recording the elderly people’s motion through an RGB-D sensor for body pose landmarks calcula-
tion. (c) Storing parameters as sequences for its evaluation locally or in the Cloud. 
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istered and synchronized, so it is possible to easily assign a distance to each pixel. More-
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sent as a parameter of a request made to the service node (/srv_mediapipe). Once the request 
is received, the service node returns a response coded as a “pose” type message that con-
tains a bidimensional array of points (in the coordinate system of the RGB image), 

Figure 1. Description of the proposed system installed as a part of the JUNO robot. (a) Interface
in a touchscreen for selecting a test, found in the standard of care, for evaluating balance and gait.
(b) Recording the elderly people’s motion through an RGB-D sensor for body pose landmarks
calculation. (c) Storing parameters as sequences for its evaluation locally or in the Cloud.

Regardless of whether such Computer Vision system is included or not as a part of
the robot, it works as follows: First, the information about a specific test is shown to the
therapist for selection (see Figure 1a). Then, a specific item of the test could be chosen
(each item involves the measurement of one or more parameters from the data obtained
after body pose landmarks acquisition). The RGB-D sensor is used for recording a set of
frames from which such landmarks will be calculated (see Figure 1b). Once this recording
is finished, the set of calculated parameters related to the item are locally stored, and they
could be eventually sent to the Cloud if needed (see Figure 1c). The set of computed
parameters are presented as sequences.

Several advantages of using an RGB-D sensor have been taken into account compared
to the usage of other vision systems. First of all, the economic cost of this kind of sensor is
suitable, considering the capacity to estimate distances and to obtain accurate 3D maps of
the environment and objects located to distances smaller than 5 m. Monocular cameras are
cheaper, but they do not provide 3D mapping. On the other hand, stereo vision systems
do not provide much better accuracy in 3D reconstruction, but they are more expensive.
As the system will be used in indoor environments, the advantage of being used outdoors,
which stereo vision systems present, is not relevant in this case.

2.2. Software Architecture

The software architecture has been designed as a set of software modules (see Figure 2),
which work in ROS (Robotic Operating System) [69], since, as mentioned before, the system
should work both as an independent hardware device or as a part of the robot JUNO
in the JUNO+ project. For acquiring frames from the RGB-D sensor (whose model is
an Orbbec Astra Pro), the ROS package provided by the manufacturer is used. When
the appropriate ROS node from this package (camera node) is executed, several topics are
exposed, and the information about each RGB frame and its corresponding Depth image
are published in the topics /camera/imageRGB and /camera/imageDepth. Both images are
registered and synchronized, so it is possible to easily assign a distance to each pixel.
Moreover, information about the calibration of both cameras (one for acquiring color
images and the other one used for depth calculation) is also available through the ROS
topics /camera/rgbInfo and /camera/irInfo.
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Figure 2. Outline of the software architecture as a set of components that share information
through ROS.

A client node (named client_pose) is subscribed to the mentioned topics for obtaining
the RGB image and its corresponding depth information each time. The RGB image is
then sent as a parameter of a request made to the service node (/srv_mediapipe). Once the
request is received, the service node returns a response coded as a “pose” type message
that contains a bidimensional array of points (in the coordinate system of the RGB image),
corresponding to the pixels where a person’s joints are located according to the landmarks
shown in Figure 3.
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Figure 3. Body poses landmarks obtained when the Pose solution from MediaPipe is used. This
graphical representation has been obtained from the MediaPipe website [68].

2.3. Using the MediaPipe Pose Solution

The service node uses the MediaPipe Pose solution, which is based on a Deep Learning
algorithm capable of obtaining 33 joints of the human body (see Figure 3) using an RGB
image as input. Each obtained point representing a joint is coded as a pair (column and
row) normalized in the interval [0, 1]. For projecting each pair on the original RGB image,
the column and row should be multiplied by number of columns and number of rows of
such image, respectively.



Sensors 2024, 24, 2015 6 of 21

Once the position of the joints within the image is obtained, the client node, using the
depth channel of the camera and knowing the position of the pixel, finds the real depth
associated with those joints according to:

z = depth(i, j) (1)

where depth (i, j) is the depth value at the row i and column j. Note that the (i, j) coordinates
correspond to the same pixel in both images RGB and Depth.

However, the points are not referenced to any three-dimensional coordinate system.
To do this, the RGB-D camera has been calibrated to obtain its intrinsic parameters and
place the points in a system that has the camera as its origin. The calibration matrix M is a
3 × 3 matrix:

M =

 fx 0 cx
0 fy cy
0 0 1

, (2)

where fx, fy, and cx, cy are the focal length and the optical centers, respectively. The 3D
coordinates are computed using the following formulas:

x =
(j − cx)× z

fx
(3)

y =

(
i − cy

)
× z

fy
(4)

z = depth(i, j) (5)

where the pair (i, j) represents the coordinates of a pixel.
Note that, although the MediaPipe Pose solution is capable of inferring depth from

the 2D image, this depth is referenced to the center of the body, and does not allow the
reconstruction of the 3D space according to the reference system of the RGB-D sensor. As it
is particularly important the computation of the speed and the trajectory of the subject for
estimating the score of some items related to gait in most of standard of care tests, values
obtained from the MediaPipe Pose solution are transformed to the RGB-D sensor reference
frame by applying the corresponding transformation by using Equations (3)–(5).

It is important to highlight that it is assumed that the patient should be properly
located at a specific initial position from which each exercise is started. Therapists or
caregivers are responsible to guide the patient, to avoid occlusions and to ensure the
appropriate visibility, for this early prototype. Therefore, the algorithm considers only one
detected user as the target one.

2.4. Parameters’ Computation

From the three-dimensional position of the joints already calculated with respect to
the camera, it is possible to make multiple measurements that will be used to evaluate the
different items of the gait and balance tests. Such measurements are the following:

• Speed: To measure speed, the midpoint of the hip is taken and the displacement it
experiences is calculated in 1-s time intervals.

• Trajectory. To measure the trajectory, the midpoint of the hip is taken and projected
onto the ground.

• Trunk swing (see Figure 4a): It is measured through the angle of inclination of the shoulders.
• Separation of the arms (see Figure 4b): The separation of the arms with respect to the

trunk is calculated from two angles, one for each side. Using the points of the elbow,
shoulder, and hip.

• Arm support (see Figure 4c): To measure whether the user uses their arms to get up
from a chair, the angle formed by the shoulder, elbow, and wrist is calculated.
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• Separation of the heels (see Figure 4d): The horizontal distance between the ankle
points is calculated.

• Stride (see Figure 4e): To measure the amplitude of the steps, the depth difference
between the ankle joints is calculated.

• Hand separation (see Figure 4f): The movement of the hands while walking is mea-
sured by calculating the distance between the wrists.

• Trunk tilt (see Figure 4g): To measure trunk tilt, the angle formed by the shoulder, hip,
and knee is measured. Both on the right and left side.
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2.5. Relation between Parameters and Items of Tests Used for Gait and Balance Evaluation

Table 1 shows the minimum number of parameters applicable to each of the items
evaluated in many tests found in the standard of care.
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Table 1. Parameters applicable in the different tests and items.

Parameters

S T TS SA SH S TT HS AS

TINETTI ITEMS

1 ×

2 × ×

3 ×

4 × ×

5 × ×

6 × ×

7 × ×

8 × × × ×

9 × × ×

10 ×

11 ×

12 ×

13 ×

14 ×

15 × × ×

16 ×

BERG
ITEMS

1 × ×

2 ×

3 × ×

4 × ×

5 × ×

6 ×

7 × ×

8 × ×

9 ×

10 ×

11 × ×

12 × ×

13 × ×

14 × ×

DGI
ITEMS

1 × × ×

2 × × ×

3 × × ×

4 × × ×

5 × × × ×

6 × × ×

7 × × × ×

8 × ×

TUG × ×

FRT × ×

FSST × × ×

SLS ×
S—Speed, T—Trajectory, TS—Trunk swing, SA—Separation of the arms, SH—Separation of the heels, S—Stride,
TT—Trunk tilt, HS—Hand separation, AS—Arm support.
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For example, the Tinetti test consists of 16 items where balance (from 1 to 10) and gait
(from 11 to 16) are evaluated. Item 1 allows therapists to evaluate balance when the person
is seated in a chair. In this case, according to the tilt of the trunk, it is possible to estimate
if he/she is correctly seated and if he/she is properly keeping the balance. Consequently,
only the parameter trunk tilt would be measured for automatically assessing such item.
However, item 9 allows therapists to evaluate how a person sits in a chair, that is, the
process from standing to be seated. In this case, the trunk swing and tilt, together with
the arm support are relevant parameters for automatically assessing the behavior of the
patient. For instance, a person who needs to use the arms to get seated probably should get
a worse score than who does not need them.

3. Results and Discussion

A wide number of different tests have been carried out in a controlled laboratory
environment for validating the designed algorithms. In this case, a person has carried out
different motions (some of them are forced), to simulate the behavior of people with differ-
ent ability for motion and balance. In them, each of the parameters has been individually
analyzed. Once such tests have been made, the system has been validated in a real scenario
with real patients. Several sequences that provide information about the time evolution of
each parameter are shown and analyzed in the following subsections. How to interpret
such sequences is also explained in detail.

3.1. Controlled Laboratory Tests

The trunk swing, measured from the angle of the shoulders, is depicted in Figure 6.
This is the parameter most associated with balance, and is easily identifiable; the loss of
stability immediately causes the trunk to sway and, in the worst case, a fall. In the first
capture, a straight position offers values lower than 5◦, while in the second capture there is
a marked trunk swing with angles greater than 35◦ (in this case, the pose has been forced
for simulating a strong swing of the trunk).
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Separating the feet increases stability, consequently, it is a resource used by those 
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Figure 6. Evolution of the trunk swing while a person is balancing the trunk.

Note that the Y-axis represents angle degrees, and the X-axis represents samples
across time.

Separating the feet increases stability, consequently, it is a resource used by those
people who suffer from balance problems, since they separate their feet further to find
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a safe position. In Figure 7, the distance between heels has been measured; in the first
capture, the feet are separated at half a meter, while in the second, the feet are together
ten centimeters apart. In this case, the Y-axis represents meters, and the X-axis represents
samples across time.
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Figure 7. Evolution of the separation of the heels while a person changes the position of the legs. 

The use of the arms is an innate resource to improve balance. Figure 8 shows the 
evolution of the angle of the arms, both right and left. In the first capture, the right arm 
remains up, while the left is down. In the second, both arms are raised, forming an angle 
of almost 90° with respect to the trunk. In this case, the Y-axis represents angle in de-
grees, and the X-axis represents samples across time. 

 
Figure 8. Evolution of the separation of arms. The person first raises the right arm and later he raises 
the left arm. 

The user trajectory has been represented in Figure 9. The horizontal axis of the graph 
represents the depth of the subject relative to the camera, and the vertical axis represents 
its horizontal position. Path 1 represents a rectilinear path and path 2 represents a curved 
deviation trajectory. The oscillations that can be seen in trajectory 1 correspond to the nat-
ural movement of the body when walking, which moves with small horizontal move-
ments that are captured by the camera. 

Figure 7. Evolution of the separation of the heels while a person changes the position of the legs.

The use of the arms is an innate resource to improve balance. Figure 8 shows the
evolution of the angle of the arms, both right and left. In the first capture, the right arm
remains up, while the left is down. In the second, both arms are raised, forming an angle of
almost 90◦ with respect to the trunk. In this case, the Y-axis represents angle in degrees,
and the X-axis represents samples across time.
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Figure 8. Evolution of the separation of arms. The person first raises the right arm and later he raises
the left arm.

The user trajectory has been represented in Figure 9. The horizontal axis of the
graph represents the depth of the subject relative to the camera, and the vertical axis
represents its horizontal position. Path 1 represents a rectilinear path and path 2 represents
a curved deviation trajectory. The oscillations that can be seen in trajectory 1 correspond
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to the natural movement of the body when walking, which moves with small horizontal
movements that are captured by the camera.
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Figure 9. Trajectories when a person is walking. This parameter is related to items that allow gait to 
be evaluated. 

Short steps while walking provide stability, while long steps can cause greater im-
balances, so people with mobility problems opt for a shorter stride. Figure 10 shows the 
size of the step during walking, calculated from the difference in depths of the points of 
the feet. The size of the step is measured at the ends of the signal, which is when both feet 
are already flat on the ground. In the first sequence, the steps are about 20 cm, while in 
the second, the steps reach 40 cm. In this case, the Y-axis represents meters, and the X-axis 
represents samples across time. 

 
Figure 10. Evolution of the stride while a person is walking. 

Getting up from a chair and sitting down is not a simple task when there are mobility 
problems. The number of attempts and successes, as well as whether the person holds on 
to something to achieve it, is used by various tests to measure the patient’s fragility. The 
evolution of the angle of the trunk has been represented in Figure 11. This parameter is 
useful to analyze when the subject stands up or sits in the chair. There are two signs, cor-
responding to each side of the trunk, and a third signal representing the mean. In the first 
capture, the subject is seated, and his angles are around 120°. In the second one, the sub-
ject has stood up and its trunk forms an angle greater than 160°. 

Figure 9. Trajectories when a person is walking. This parameter is related to items that allow gait to
be evaluated.

Short steps while walking provide stability, while long steps can cause greater imbal-
ances, so people with mobility problems opt for a shorter stride. Figure 10 shows the size
of the step during walking, calculated from the difference in depths of the points of the
feet. The size of the step is measured at the ends of the signal, which is when both feet are
already flat on the ground. In the first sequence, the steps are about 20 cm, while in the
second, the steps reach 40 cm. In this case, the Y-axis represents meters, and the X-axis
represents samples across time.
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Figure 10. Evolution of the stride while a person is walking.

Getting up from a chair and sitting down is not a simple task when there are mobility
problems. The number of attempts and successes, as well as whether the person holds



Sensors 2024, 24, 2015 12 of 21

on to something to achieve it, is used by various tests to measure the patient’s fragility.
The evolution of the angle of the trunk has been represented in Figure 11. This parameter
is useful to analyze when the subject stands up or sits in the chair. There are two signs,
corresponding to each side of the trunk, and a third signal representing the mean. In the
first capture, the subject is seated, and his angles are around 120◦. In the second one, the
subject has stood up and its trunk forms an angle greater than 160◦.
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Figure 11. Evolution of the trunk tilt while a person stands ups or sits in a chair. 

In the previous trunk inclination test, it is also possible to measure whether the user 
uses his arms to stand up or not. Both situations have been represented in Figure 12. In 
the upper capture, the patient keeps his arms extended during the transition to standing. 
In the lower capture, the subject uses his arms to stand up and is thus reflected in the angle 
of the arms, which are no longer extended and are bent at angles less than 100°. 

 
Figure 12. Evolution of the position of the arms (represented by the angle) and the trunk tilt while 
a person is sitting in a chair. This allows therapist to know if the arm support is used, by analyzing 
the combination of the two time-series. 

3.2. Testing in a Real Environment 
Once the laboratory tests were completed, an experiment was carried out in a nursing 

home (see Figure 13), in which six patients participated (three women and three men). 

Figure 11. Evolution of the trunk tilt while a person stands ups or sits in a chair.

In the previous trunk inclination test, it is also possible to measure whether the user
uses his arms to stand up or not. Both situations have been represented in Figure 12. In the
upper capture, the patient keeps his arms extended during the transition to standing. In
the lower capture, the subject uses his arms to stand up and is thus reflected in the angle of
the arms, which are no longer extended and are bent at angles less than 100◦.
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Figure 12. Evolution of the position of the arms (represented by the angle) and the trunk tilt while a
person is sitting in a chair. This allows therapist to know if the arm support is used, by analyzing the
combination of the two time-series.
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3.2. Testing in a Real Environment

Once the laboratory tests were completed, an experiment was carried out in a nursing
home (see Figure 13), in which six patients participated (three women and three men).
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Figure 13. Two patients who collaborated in the tests. Larger pictures have been taken by the re-
searcher that carried out the tests. The other pictures represent the point of view of the RGB-D sensor. 

Four exercises were performed, based on different balance and gait scales. In Figure 
14, the evaluated items are shown together with the parameters evaluated during their 
execution. 

 
Figure 14. Items and parameters evaluated in a real environment. 

Note that the patients were selected by the institution’s staff, considering people with 
a similar ability to do the chosen exercises, without relevant pathologies related to balance, 
in order to better validate the capacity of the system for identifying patterns in the se-
quences which are probably indicative of problems with balance according to items and 
parameters described in Figure 14. 

Next, the most significant results of the different tests will be pointed out and com-
parisons will be made between patients. 

Figure 15 shows the graphic representation of sequences that represent sitting and 
standing tests for patient 2. Figure 16 shows the obtained results for patient 4, doing the 
same exercise. The different positions (standing or sitting) and the transitions between 
both are easily identifiable. Furthermore, the angle of the arms allows to know that patient 
4 was able to keep his arms extended during the test, while patient 2 needed to support 
them. Thus, the evolution of the angle of the arms of patient 2 evolves at the same time as 

Figure 13. Two patients who collaborated in the tests. Larger pictures have been taken by the
researcher that carried out the tests. The other pictures represent the point of view of the RGB-
D sensor.

Four exercises were performed, based on different balance and gait scales. In Figure 14,
the evaluated items are shown together with the parameters evaluated during their execution.

Sensors 2024, 24, 2015 13 of 22 
 

 

 
Figure 13. Two patients who collaborated in the tests. Larger pictures have been taken by the re-
searcher that carried out the tests. The other pictures represent the point of view of the RGB-D sensor. 

Four exercises were performed, based on different balance and gait scales. In Figure 
14, the evaluated items are shown together with the parameters evaluated during their 
execution. 

 
Figure 14. Items and parameters evaluated in a real environment. 

Note that the patients were selected by the institution’s staff, considering people with 
a similar ability to do the chosen exercises, without relevant pathologies related to balance, 
in order to better validate the capacity of the system for identifying patterns in the se-
quences which are probably indicative of problems with balance according to items and 
parameters described in Figure 14. 

Next, the most significant results of the different tests will be pointed out and com-
parisons will be made between patients. 

Figure 15 shows the graphic representation of sequences that represent sitting and 
standing tests for patient 2. Figure 16 shows the obtained results for patient 4, doing the 
same exercise. The different positions (standing or sitting) and the transitions between 
both are easily identifiable. Furthermore, the angle of the arms allows to know that patient 
4 was able to keep his arms extended during the test, while patient 2 needed to support 
them. Thus, the evolution of the angle of the arms of patient 2 evolves at the same time as 

Figure 14. Items and parameters evaluated in a real environment.

Note that the patients were selected by the institution’s staff, considering people with a
similar ability to do the chosen exercises, without relevant pathologies related to balance, in
order to better validate the capacity of the system for identifying patterns in the sequences
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which are probably indicative of problems with balance according to items and parameters
described in Figure 14.

Next, the most significant results of the different tests will be pointed out and compar-
isons will be made between patients.

Figure 15 shows the graphic representation of sequences that represent sitting and
standing tests for patient 2. Figure 16 shows the obtained results for patient 4, doing the
same exercise. The different positions (standing or sitting) and the transitions between
both are easily identifiable. Furthermore, the angle of the arms allows to know that patient
4 was able to keep his arms extended during the test, while patient 2 needed to support
them. Thus, the evolution of the angle of the arms of patient 2 evolves at the same time as
the movements of the trunk, extending when he is standing and bending when he remains
seated. While in patient 4 no variations were observed.
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For the balance test (see Figure 17), patients had to remain still in the same position
for a few seconds. It should be noted that all patients responded well, but small differences
can be seen. In the case of trunk sway, patient 3 barely moved, while patient 1 experienced
slight trunk movements. Regarding the separation of the heels, patient 4 managed to
maintain a distance 10 cm shorter than patient 2 without this affecting their balance.
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In the same position as the previous test, patients were required to close their eyes 
(see Figure 18). Once again, all responded in a similar way; subject 1 continued to be the 
one with the least trunk sway and patient 3 the most. Regarding the distance of the heels, 
patient 2 kept his feet the furthest apart and patient 6 was the one who separated them 
the least. None of the participants helped themselves with their arms. 

 
Figure 18. Measuring balance with eyes closed for four patients. 

During the walk, in which the patients covered approximately 4 m, the trajectory 
followed the separation of the arms, the swing of the trunk, the stride, and the movement 
of the hands were calculated. Regarding the trajectory (see Figure 19), it can be seen how 
patient 1 was able to stay straight, while patient 5 deviated at the end of the path. 

Figure 17. Standing balance exercise for four patients.

In the same position as the previous test, patients were required to close their eyes
(see Figure 18). Once again, all responded in a similar way; subject 1 continued to be the
one with the least trunk sway and patient 3 the most. Regarding the distance of the heels,
patient 2 kept his feet the furthest apart and patient 6 was the one who separated them the
least. None of the participants helped themselves with their arms.
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During the walk, in which the patients covered approximately 4 m, the trajectory
followed the separation of the arms, the swing of the trunk, the stride, and the movement
of the hands were calculated. Regarding the trajectory (see Figure 19), it can be seen how
patient 1 was able to stay straight, while patient 5 deviated at the end of the path.
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Figure 19. Trajectories for patient 1 and patient 5 during gait. 

Regarding the swing of the trunk and the separation of the arms, there were no major 
differences or notable events. However, it is interesting to note how some patients move 
their hands alternately to their feet in the stride, such as patient 2. While others hardly 
used their hands, this was the case of patient 4 (see Figure 20). Abnormal movements, such 
as only moving one of the arms, could be symptomatic of a neurodegenerative disease. 

 
Figure 20. Stride and hand’s movement during gait. 

The results obtained both in the laboratory and later, in the real setting, confirm the 
value of the tool to provide useful and objective information to therapists about the dif-
ferent gait and balance tests. This solution enables a posteriori evaluation, inasmuch as 
the tests could be carried out in the company of an assistant and the results could be ana-
lyzed by the specialist later. Furthermore, the classic performance of the tests does not 
provide precise or quantified information. While this solution allows that when a longi-
tudinal study of the patient is carried out, the sequences could be compared, and progress 
measured. On the other hand, it has the advantage of not needing to equip the patient 
with any sensor, they only have to perform the exercises in front of the camera. 

4. Limitations and Future Enhancement 
Since the work presented in this paper is an early prototype, several limitations could 

be highlighted, together with the specific measures to carry out for overcoming such lim-
itations: 
• Currently, the system is ready to be mainly used in elderly institutions. The deploy-

ment of the system needs the involvement of some institution’s workers. Preventing 
the overload of such members’ work tasks is a goal for getting a better acceptance of 

Figure 19. Trajectories for patient 1 and patient 5 during gait.

Regarding the swing of the trunk and the separation of the arms, there were no major
differences or notable events. However, it is interesting to note how some patients move
their hands alternately to their feet in the stride, such as patient 2. While others hardly used
their hands, this was the case of patient 4 (see Figure 20). Abnormal movements, such as
only moving one of the arms, could be symptomatic of a neurodegenerative disease.
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Figure 20. Stride and hand’s movement during gait.

The results obtained both in the laboratory and later, in the real setting, confirm the
value of the tool to provide useful and objective information to therapists about the different
gait and balance tests. This solution enables a posteriori evaluation, inasmuch as the tests
could be carried out in the company of an assistant and the results could be analyzed by the
specialist later. Furthermore, the classic performance of the tests does not provide precise
or quantified information. While this solution allows that when a longitudinal study of the
patient is carried out, the sequences could be compared, and progress measured. On the
other hand, it has the advantage of not needing to equip the patient with any sensor, they
only have to perform the exercises in front of the camera.
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4. Limitations and Future Enhancement

Since the work presented in this paper is an early prototype, several limitations
could be highlighted, together with the specific measures to carry out for overcoming
such limitations:

• Currently, the system is ready to be mainly used in elderly institutions. The deploy-
ment of the system needs the involvement of some institution’s workers. Preventing
the overload of such members’ work tasks is a goal for getting a better acceptance of
the system. Therefore, the prototype will be used as a part of the rehabilitation pro-
grams existing in the institution. In the near future, when several robots are deployed
as a result of the research project JUNO+, an improvement will be developed to allow
assistant robots to autonomously guide the procedure for executing the tests. In this
case, the therapist will only have to design the set of exercises that are included in
each evaluated item (in a specific test) and to schedule the activity as a part of the rest
of help tasks that the robot needs to carry out.

• The prototype has been designed after analyzing the needs and solutions found in
the literature. However, it would be interesting to empirically study how the need for
the digital transformation of health systems is perceived by clinicians (mainly in the
context of elderly people monitoring and rehabilitation). In the near future, a usability
study, which allows the comparison between applying tests in a traditional way and
by using the proposed system, will be carried out. This usability test will be used
to improve the prototype, adapting the user interface to the needs of therapists and
caregivers (both formal and informal). Thus, the system could be used outside of the
elderly institutions, for example with patients who live at home and are cared for by
informal caregivers (for instance relatives).

• Table 1 shows the mapping between items and parameters calculated from raw data
acquired the RGB-D sensor. Such mapping has been designed by the researchers, but
it is expected to be empirically validated by clinicians and adapted, if needed, in a
future work.

On the other hand, beyond the measures that will be considered to overcome the
detected limitations, authors are currently working in improving the system. In particular,
they are extending it to a Cloud-based platform, where all the data about patients monitored
by a therapist would be properly saved. The therapist will also be able to design different
tests consisting of different items. Such tests will be applied as many times as needed with
the same patient, allowing the therapist to evaluate the progression in gait and balance for
such patient.

As aforementioned, the proposed system is designed for a coarse estimation of body
pose for helping therapists to assess fall risk detection through tests such as Tinetti or TUG.
MediaPipe offers a high rate of success in suitable identification of the main joints of the
human body [70–72]. In fact, the MediaPipe solution has been tested by its developers by
using a Pose Validation dataset, yielding a PDJ (Average Percentage of Detected Joints)
of 97.5%. PDJ is a strong indicator of precise matches between predicted keypoints and
ground truth keypoints.

However, this model used for human motion tracking is not validated with respect to
a stereophotogrammetric system yet, and the biomechanics literature describes stereopho-
togrammetric systems as the gold standard technique used for validating other technologies
like IMU-based systems or depth camera systems. Therefore, this kind of validation will be
carried out as future work.

As mentioned before, a trial with a limited number of patients has been carried out,
but, in the future, it should be extended to a larger population and establish which of
the parameters are most significant to identify fall risk patterns, in collaboration with
health professionals. Once analyzed using the best parameters according to the knowledge
of a wide number of health professionals that use the future platform, it is expected to
develop an Artificial Intelligence-based agent capable of providing scores for each item
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automatically, helping therapists to carry out faster screening tasks useful for preventing
falls more efficiently.

Finally, as the system has been designed to be fully compatible with the robot JUNO,
such a robot could be also used for non-intrusive recording the movements and poses of
residents in nurse homes, who should be continuously monitored, constantly extracting and
analyzing gait and balance parameters. If any pathology is detected, it could send a warning
to healthcare personnel so that they could take the appropriate measures. In this way,
progress would be made in the necessary prevention and automation of early diagnosis.

5. Conclusions

The proposed solution implements a digital tool capable of helping health profession-
als to carry out and evaluate balance and gait tests, which are well known in the standard
of care. Therapists can easily analyze the resulting sequences by using a graphic representa-
tion of them, to establish a more precise diagnosis and to monitor the temporal evolution of
patients. On the other hand, the solution also allows raw data (body pose landmarks) and
aggregated information (parameters) to be recorded. This helps the simultaneous presence
of the therapist and the patient to be avoided if needed, since patients could carry out the
exercises accompanied by an assistant, and the obtained results could be examined later by
the therapist.

Unlike other studies that focus on a single test, a generic system applicable to any test is
provided here. Furthermore, the patient does not have to wear any sensor, which is a great
convenience. On the other hand, the obtained information could be adequately stored in
the Cloud and presented to health specialists, guaranteeing security and privacy standards.

Author Contributions: Conceptualization, J.D.B.-G., J.A.L.-R., J.J.F.-B. and N.P.-P.; Funding ac-
quisition, J.A.L.-R., N.P.-P. and M.-T.H.; Investigation, J.D.B.-G., J.A.L.-R., J.J.F.-B., N.P.-P. and M.-
T.H.; Methodology, J.D.B.-G. and N.P.-P.; Software, J.D.B.-G., G.G.-L., M.J.-M. and N.P.-P.; Super-
vision, J.A.L.-R., J.J.F.-B., N.P.-P. and M.-T.H.; Validation, J.D.B.-G., J.A.L.-R., J.J.F.-B. and N.P.-P.;
Writing—original draft, J.D.B.-G.; Writing—review and editing, N.P.-P. All authors have read and
agreed to the published version of the manuscript.

Funding: This research was funded by “Project TED2021-130942A-C22 funded by MICIU/AEI/10.13039/
501100011033 and by European Union NextGenerationEU/PRTR”. It is also funded by the Innovation
and Science Ministry (Spain), grant number TED2021-130942B-C21, and by the “Fundación Séneca
(Región de Murcia)”, grant number 21593/FPI/21 and grant number 22254/PDC/23.

Institutional Review Board Statement: The study was conducted in accordance with the Declaration
of Helsinki, and approved by the Institutional Review Board (or Ethics Committee) of Universidad
Politécnica de Cartagena (at 27 December 2022).

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.
Written informed consent has been obtained from the patient(s) to publish this paper.

Data Availability Statement: Data are unavailable due to privacy restrictions.

Acknowledgments: Part of this research has been possible thanks to professionals and residents in
“Edad Dorada. Mensajeros de la Paz”, the nurse home located at San Pedro del Pinatar, in Murcia
(Spain). This research was funded by “Project TED2021-130942A-C22 funded by MICIU/AEI/10.13039/
501100011033 and European Union NextGenerationEU/PRTR”.

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

References
1. Envejecimiento y Salud. Available online: https://www.who.int/es/news-room/fact-sheets/detail/ageing-and-health (accessed

on 11 July 2023).
2. Caídas. Available online: https://www.who.int/es/news-room/fact-sheets/detail/falls (accessed on 11 July 2023).
3. Dyer, S.M.; Crotty, M.; Fairhall, N.; Magaziner, J.; Beaupre, L.A.; Cameron, I.D.; Sherrington, C. A critical review of the long-term

disability outcomes following hip fracture. BMC Geriatr. 2016, 16, 158. [CrossRef]

https://www.who.int/es/news-room/fact-sheets/detail/ageing-and-health
https://www.who.int/es/news-room/fact-sheets/detail/falls
https://doi.org/10.1186/s12877-016-0332-0


Sensors 2024, 24, 2015 19 of 21

4. Pi, H.-Y.; Hu, M.-M.; Zhang, J.; Peng, P.-P.; Nie, D. Circumstances of falls and fall-related injuries among frail elderly under home
care in China. Int. J. Nurs. Sci. 2015, 2, 237–242. [CrossRef]

5. Soukola, S.K.; Jämsen, E.R.K.; Pauniaho, S.L.K.; Ukkonen, M.T. A population-based study of 2347 fall-related injuries among
older people in a Finnish emergency department. Eur. Geriatr. Med. 2020, 11, 315–320. [CrossRef]

6. KorKorenhof, S.; van Grieken, A.; Franse, C.; Tan, S.S.; Verma, A.; Alhambra, T.; Raat, H. The association of fear of falling and
physical and mental Health-Related Quality of Life (HRQoL) among community-dwelling older persons; a cross-sectional study
of Urban Health Centres Europe (UHCE). BMC Geriatr. 2023, 23, 291. [CrossRef]

7. Dokuzlar, O.; Okudur, S.K.; Smith, L.; Soysal, P.; Yavuz, I.; Aydin, A.E.; Isik, A.T. Assessment of factors that increase risk of falling
in older women by four different clinical methods. Aging Clin. Exp. Res. 2020, 32, 483–490. [CrossRef]

8. Sotoudeh, G.R.; Mohammadi, R.; Mosallanezhad, Z.; Viitasara, E.; Soares, J.J. The prevalence, circumstances and consequences of
unintentional falls among elderly Iranians: A population study. Arch. Gerontol. Geriatr. 2018, 79, 123–130. [CrossRef] [PubMed]

9. Burns, E.R.; Stevens, J.A.; Lee, R. The direct costs of fatal and non-fatal falls among older adults—United States. J. Saf. Res. 2016,
58, 99–103. [CrossRef] [PubMed]

10. Winser, S.J.; Chan, H.T.F.; Ho, L.; Chung, L.S.; Ching, L.T.; Felix, T.K.L.; Kannan, P. Dosage for cost-effective exercise-based falls
prevention programs for older people: A systematic review of economic evaluations. Ann. Phys. Rehabil. Med. 2020, 63, 69–80.
[CrossRef] [PubMed]

11. Ghezeljeh, T.N.; Yekta, Z.P.; Mehran, A.; Oori, M.J. Effect of a multidimensional fall prevention program on incidence of falling
and quality of life among elderly. Hayat 2014, 20, 14–24.

12. Deverall, E.; Kvizhinadze, G.; Pega, F.; Blakely, T.; Wilson, N. Exercise programmes to prevent falls among older adults: Modelling
health gain, cost-utility and equity impacts. Inj. Prev. 2019, 25, 258–263. [CrossRef] [PubMed]

13. Laurent, L.; Koskas, P.; Estrada, J.; Sebbagh, M.; Lacaille, S.; Raynaud-Simon, A.; Lilamand, M. Tinetti balance performance is
associated with mortality in older adults with late-onset Parkinson’s disease: A longitudinal study. BMC Geriatr. 2023, 23, 54.
[CrossRef]

14. Chawan, V.R.; Huber, M.; Burns, N.; Daniel, K. Person Identification and Tinetti Score Prediction Using Balance Parameters:
A Machine Learning Approach to Determine Fall Risk. In Proceedings of the 15th International Conference on PErvasive
Technologies Related to Assistive Environments, Corfu, Greece, 29 June–1 July 2022; pp. 203–212. [CrossRef]

15. Lee, E.Y.; Na, Y.; Cho, M.; Hwang, Y.M.; Kim, H.-S.; An, H.; Pyun, S.-B. Short-term and long-term predictors of balance function
in stroke patients: A 6-month follow-up study. Int. J. Rehabil. Res. 2023, 46, 163–169. [CrossRef] [PubMed]

16. El-Bagalaty, A.E.; Mohamed, M.E.-S.; Abdelraouf, O.R.; Ghafar, M.A.A.; Abdelaal, A.K.; Abdelgalil, A.A.; Mousa, G.S. Balance
and Fall Risk Assessment in Community-Dwelling Older Adults after Recovery from COVID-19: A Cross-Sectional Study. Sports
2023, 11, 28. [CrossRef] [PubMed]

17. Evkaya, A.; Karadag-Saygi, E.; Bingul, D.K.; Giray, E. Validity and reliability of the Dynamic Gait Index in children with
hemiplegic cerebral palsy. Gait Posture 2020, 75, 28–33. [CrossRef]

18. Jonsdottir, J.; Mattos, F.G.M.; Torchio, A.; Corrini, C.; Cattaneo, D. Fallers after stroke: A retrospective study to investigate
the combination of postural sway measures and clinical information in faller’s identification. Front. Neurol. 2023, 14, 1157453.
[CrossRef] [PubMed]

19. Zirek, E.; Mustafaoglu, R.; Cicek, A.; Ahmed, I.; Mavromoustakos, S. Reliability and Validity of the Turkish Version of the
Modified Dynamic Gait Index in the Elderly. Eval. Health Prof. 2023, 46, 135–139. [CrossRef]

20. Tavares, J.E.d.R.; Ullrich, M.; Roth, N.; Kluge, F.; Eskofier, B.M.; Gaßner, H.; Klucken, J.; Gladow, T.; Marxreiter, F.; da Costa, C.A.;
et al. uTUG: An unsupervised Timed Up and Go test for Parkinson’s disease. Biomed. Signal Process. Control 2023, 81, 104394.
[CrossRef]

21. Rössler, R.; Rommers, N.; Kim, E.-K.; Iendra, L.; Sofios, A.; Giannouli, E.; Portegijs, E.; Rantanen, T.; Infanger, D.; Bridenbaugh,
S.; et al. Timed up-and-go performance is associated with objectively measured life space in patients 3 months after ischemic
stroke: A cross-sectional observational study. J. Neurol. 2023, 270, 1999–2009. [CrossRef]

22. Mutchie, H.L.; Orwig, D.L.; Beamer, B.; Conroy, V.; Guralnik, J.; Magaziner, J.; Gruber-Baldini, A.L. Four Square Step Test
Performance in Hip Fracture Patients. J. Geriatr. Phys. Ther. 2022, 45, 81–89. [CrossRef]

23. Kim, J.; Kim, I.; Kim, Y.E.; Koh, S.-B. The four square step test for assessing cognitively demanding dynamic balance in parkinson’s
disease patients. J. Mov. Disord. 2021, 14, 208–213. [CrossRef]

24. Ferreira, S.; Raimundo, A.; Marmeleira, J. Test-retest reliability of the functional reach test and the hand grip strength test in older
adults using nursing home services. Ir. J. Med Sci. 2021, 190, 1625–1632. [CrossRef] [PubMed]

25. Papa, E.V.; Dong, X.; Hassan, M. Resistance training for activity limitations in older adults with skeletal muscle function deficits:
A systematic review. Clin. Interv. Aging 2017, 12, 955–961. [CrossRef] [PubMed]

26. Jamal, A.; Ahmad, I.; Ahamed, N.; Azharuddin, M.; Alam, F.; Hussain, M.E. Whole body vibration showed beneficial effect on
pain, balance measures and quality of life in painful diabetic peripheral neuropathy: A randomized controlled trial. J. Diabetes
Metab. Disord. 2020, 19, 61–69. [CrossRef]
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