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Abstract—Hemiparesis is the most disabling condition after
a stroke. Hemiparetic individuals suffer from a loss of muscle
strength on one side of the body, resulting in a decreased
capacity of performing movements. To assess the quality of
Physiotherapy treatment, rating scales are commonly used but
with the drawback of being subjective. With the aim of developing
a system that objectively outcomes how a hemiparetic individual
is responding to a Physiotherapy treatment, this paper proposes
a method to analyze human functional movement by means of
an apparatus comprised of multiple low-cost RGB-D cameras.
The idea is to first reconstruct the human body from multiple
point of views, stitching them all, and, by isolating the movement
of interest, track a movement volume and its specific energy in
order to compare a “before” and “after” same activity. With
that, we intend to avoid common problems referred to errors in
the calculation of joints and angles. Here we present the concept
of our system, as well as the idea of its parts.
Keywords-movement volume; Hemiparesis; RGB-D cameras;
specific energy.

I. I NTRODUCTION
Stroke is a leading cause of death and functional dependence in the world [6]. About 60% to 80% of persons who
have had a stroke diagnosis tend to develop Hemiparesis
[7]. Hemiparesis is a loss of muscle strength on one side
of the body, resulting in decreased capacity and ability to
perform movements. The direct consequence is a deprivation
of functional independence, and gradual onset of a disability
process, which demands an earliest possible Physiotherapy
treatment [8]. Accurate assessment of the disease allows a
correct monitoring of its progression and rapid rehabilitation
[12].
The main focus of the functional diagnosis, which is accomplished by a Physiotherapist, is the human movement, and
therefore a complete comprehension and objective analysis of
motor function are necessary for the evaluation and characterization of the patient conditions. Health professionals generally
use clinical tests, such as rating scales, which can be less
comprehensive and require subjective input [12]. Other tools,
such as video analysis [13], force platforms [9], optoelectronic
systems [5], electrogoniometers [15], electromyography [20]
and accelerometers [10] are also used, although all these latter
ones are more sophisticated and expensive, requiring much of
space and a special set up structure [21].
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Fig. 1.

Minimum set up of the system.

Human movement can be performed in one or more
anatomical plans, involving one or more joints, and can be
analyzed considering each component separately, or observing
the integrated and functional aspects (task-oriented execution)
of the movement, defined as activities [11]. Examples of
activities are walking, moving around, lie down, stand up,
transfers in sitting or lying position, among others. There
are many activities limitations in hemiparetic patients, mainly
characterized by slower reaching and grasping movements,
excessive compensatory trunk movements and reduced gross,
and fine manual dexterity [12].
A. Proposal
The aforementioned instruments and clinical tests may not
establish a true picture of the patient functional situation [12],
because they can not accurate, objective and quantitatively
measure whether the performance of activities is improving
or not. Thus emerges the importance of developing new
instruments and methods to assess functional movement in
these patients. The recent availability of low-cost RGB-D
cameras opens up interesting perspectives in this field [13].
These devices can provide depth images, allowing for the
development of new methods to evaluate human functional
movements. On that account, the aim of this paper is to present
a proposal to developing a method of functional assessment
of hemiparetic subjects using RGB-D cameras. The direct
consequence of the choice of that device is the possibility

of no use of markers. Our purpose is then to build a structure
with at least three RGB-D cameras arranged in such a way that
allows an entirely reconstruction of a human body (see Fig.
1). By ”at least three”, we mean that the idea of evaluating
different configurations is the first step towards a robustness
in full patient reconstruction. Anyway, inside any chosen
configuration, the patient should stay in the center of a circle
with approximately 4 meters of diameter, performing actions
requested by the physiotherapist. In Fig. 2, an example of how
each camera in the system has the point of view of a 3D body;
in Fig. 2(a), a full body reconstruction with an early version of
our system with three RGB-D cameras depicted in Fig. 2(b).
Rather than finding angles of the joints, our purpose is to
evaluate the movement volume in order to assess treatment
quality. Indeed, by doing so, several problems should be
solved, such as: i) to avoid typical inaccuracy of joints and
angles calculations by RGB-D cameras, and ii) instead of
focusing on local actions, global movements can be compared
in order to measure the advances of the treatment over the patients. The calculation of the movement volume can provide a
fast and precise way of stochastically comparing the evolution
of the patient’s treatment.
B. Structure of the paper
The remainder of this paper is structured as follows: In
Section II, some related works are presented and discussed.
Section III shows the outline of the proposed system. Section
IV addresses the problem of human body volume reconstruction and stitching by multiple cameras. Section V discusses
some segmentation methods for depth images and their inherent problems. Section VI discusses how all the modules
in the system are integrated to assess the evolution of the
Physiotherapy treatment. Section VII draws conclusion and
future work.
II. R ELATED WORK
One of the main problems in the evaluation and treatment of
neurological conditions has been the lack of outcome measures
that can be useful for clinical therapeutic efficacy studies,
especially concerning the human functional movement [15].
This assessment in clinical practice commonly uses rating
scales, which are cheap and easy to handle. Despite the
widespread use and numerous validation studies, these scales
can be less comprehensive and often require subjective input
[9]. Instruments like Motor Activity Log (MAL)[18], Wolf
Motor Function Test (WMFT)[17], Functional Independence
Measure (FIM)[19], Fugl-Meyer Scale (FMS)[16] have been
validated for this use in Brazil.
In the assessment of functional movement by rating scales,
the individual performs actions that are graded by an appraiser.
The WMFT consists of 17 tasks, such as “pile up” and “catch
and kick” that are graded with a scale ranging from zero
(performs no attempt to move the upper limb) to five (the
movement seems to be normal) [12]. Scales such as FIM,
MAL and FMS use similar structures, and they are all unable
to establish an objective and measurable parameter that allow

to plot a curve of the improvement of movement execution. On
the other hand, devices such as force platforms, video analysis,
optoelectronic systems, electrogoniometers, electromyography
and accelerometers, are not only costly, but also require
specialized training. They detect and analyze the angular
displacement, ground reaction forces and motor control [10],
and are generally applied to the measurement of simple-plan
human movement.
Important motion analysis centers [9] generally use
stereophotogrammetry with a marker-based system (MBS),
like Vicon [20] or Qualisys [5]. Fig. 3 shows human body
markers and their respective skeleton made by a Vicon system,
with the goal of human movement analysis. Once the markers
are positioned on the skin surface, the skeleton is obtained
either via conventional photography or optoelectronic sensors.
The system proposed in [13] uses eight to twelve cameras in
order to reconstruct human body skeleton, requiring a lot of
space and additional set up structure to accomplish the referred
task.
In motion capture, joint angles and distances are measured
with the aim of evaluating human movement. Alone, these
variables do not solve the problem of quantification and
categorization of the human functional movement [15]. In
fact, joints and angles theirselves do not show the progress
of a Physiotherapy treatment, since they are not able to show
compensation body movements during body-parts evaluation.
Accuracy and reproducibility are main problems of MBS
systems, and they are still controversial for the estimation of
joint centers and relative segment orientations [13].
Some studies exploit RGB-D cameras to assess human
movement. To establish validity and reliability of measures,
in [13], the volunteers performed simple-plan movements,
which are made by an RGB-D along with a MBS system.
In that work, considering the MBS as reference, discrepancies
between markerless systems (MLS) and MBS are evaluated
by comparing the range of motion (ROM) of both systems.
MLS reproducibility was found to be statistically similar to
MBS results for the exercises accomplished. Measured ROMs
however were found to be different in the systems. In [9],
the authors compared a Vicon System with an RGB-D based
system considering 19 individuals to establish the accuracy of
the latter system in clinically measuring relevant movements.
As there are not a standard movement and patterns that
could describe a perfect movement as reference, the study of
human functional movement is also an open problem [21],
which requires new methods to assess the progression of
Physiotherapy treatment.
III. O UTLINE OF THE PROPOSED SYSTEM
Figure 4 depicts our proposed framework. The elementary
idea of the system is to lately modeling the volume of the
movement in order to assess the quality of the Physiotherapy
treatment, in a global way. In the figure, after each frame
is acquired from the cameras, a volume reconstruction with
stitching is accomplished with the goal of having a complete
3D registered image. By registered image, we mean that all

(a) System set up with a human model in the center.
Fig. 2.

3D view of a registered body from multiple RGB-D cameras.

(a) Markers in the human
body
Fig. 3.

(b) 3D body reconstruction from different points of view, provided by
a very earlier version of the proposed system.

(b) Human skeleton reconstruction by Vicon from
the markers. Figure taken from [46]

Example of the use of Vicon as a instrument to make functional assessment in Physiotherapy patients.

the points in the cloud of each camera will be seen as unique
and in a different angle by each camera in the system. With
that, it is possible to segment each part of the body viewed
by each camera but in a global way. Segmenting each body
part of the global 3D image, it is possible now to track the
movement volume, as seen in Fig. 5. On volume acquisition,
and after calculation of a specific energy of the movement,
the proposal is to define how much the hemiparetic patient
evolved in the specific treatment.
IV. B ODY VOLUME RECONSTRUCTION
Volume reconstruction is the process of acquiring shape
and appearance of real objects in a three-dimensional space.
Usually, the reconstruction is achieved by means of manipulation of data from sensors such as laser scanners, or depth
cameras into a three-dimensional representation [22]. There
are several examples of 3D data acquisition in the literature
[23], [24]. A stereo vision was used in [24]. A point cloud
data provided by airborne laser scanning, and processed into a
3D representation, was done in [23]. Generally, those systems
have one thing in common: They are not portable, and also
very expensive. The deployment of cheap RGB-D cameras

(e.g., Microsoft Kinect) has changed this scenario, providing
a relatively reliable depth map for its cost and portability, also
opening many possibilities for the 3D vision area, especially
in portable applications. Since 2010, a great amount of works
were published using Kinect as the main sensor for 3D
reconstruction [26], [27], [28].
Since our three-dimensional reconstruction uses the depth
data given by Kinects, it is important to notice that the lack
of precision in the depth map will propagate errors in the
3D reconstruction. A calibration of the sensor is necessary to
eliminate misalignments between depth and color stream. Yet,
the depth resolution decreases quadratically with the distance,
while the depth measurement error can reach four centimeters
at the maximum range of five meters [25]. The depth stream
given by a Kinect has some noise that needs to be filtered to
achieve better reconstruction. On surface edges, the infrared
reflection, used by Kinect, is not very stable, generating some
unreliable data. [22] uses a simple bilateral filter and gradientbased weighting in order to reduce these problems. This shows
that we will need to apply filters to our depth stream to have
better precision in our calculations.
Kinect is being widely used as a depth-measuring tool for

Fig. 4.

Framework of the proposed system.

volume reconstruction. [26] achieves a real time surface mapping and tracking using only the depth map from one Kinect.
However, that method requires a very powerful machine, being
possible by the use of heavy GPU and parallel processing. [27]
shows a way to estimate body joints into a 3D skeleton from
an input depth image, in real time.
As stated before, our work intends to implement a volume
reconstruction of a subject to analyze his movements. The
more the amount of cameras involved in the system, the
less likely the occurrence of occlusions. However the number
of cameras will also affect the computational cost of the
reconstruction, and thus the challenge now is to achieve a
trade-off between these two variables (num. of cameras and
complexity of reconstruction). At least three Kinects will
compose the system as illustrated in Fig 1. An example of 3D
reconstruction from multiple cameras can be found in [28].
During reconstruction, a process of stitching is mandatory,
since the main goal is to have a unique human body seen from
multiple point of views. An example of 3D reconstruction
with stitching can be found in [14]. With a 3D full body
reconstructed to the computer, a body-parts segmentation takes
place in order to isolate the actual activity to be analyzed.
V. B ODY- PARTS AND MOTION SEGMENTATION
After obtaining the 3D reconstruction of an individual with
the registered images of the Kinects, the system requires a
separation of the entire volume of the individual limb of
interest. This part of interest will depend on the type of
evaluation that needs to be done on the patient, i.e., that part of
the patient’s body needs to be measured. After reconstructing
the body image of the individual, specific range parts will be
tracked in order to find the speed of that parts, which compose
the segmented region. Finally, the total volume of the desired
movement is calculated.
As there is a fundamental need to have high accuracy
segmentation because the analysis regarding patient’s health,
various methods will be investigated to achieve an optimal
result. The method may not be so complex to the point of
disturbing the computational performance of the system. This
way, there are several factors making the job of segmentation
easier in this system, such as: the environment and the
movements of the individual which are established in advance.

Initially, basic movement segmentation such as background
subtraction [30] and optical flow [29] will be evaluated. Since
the environmental conditions are pre-established, background
subtraction will easily segment simple movements. There will
not be other objects in the environment besides the patient,
making the optical flow approach attractive. Variations and
optimizations of these methods are found in [28] and [21] or
even the combination of both [29], that can bring better results
than pure approaches. If the simplest approaches do not bring
satisfactory results, there are others such as Markov Random
Fields [31], and clustering approaches [32], change detection
mask [33], and modified statistical methods [34], which may
not use so well the facilities presented by our scenario, but
can present better results in terms of accuracy.
The use of volumetric images demands the need of handling
large amount of data, which implies to high computational
cost. With this additional complexity, segmentation may have
a slower response, even having in mind that the processing
does not need to be online. However, there are systems,
like the one proposed in [35], that can achieve higher speed
and stable segmentation results. In that work, an expectationmaximization (EM) framework for dense 3D segmentation of
moving parts are applied.
For the segmentation of the body of the patient, a different
approach to motion segmentation is intended to be used
initially. The exact method is not defined, but the task of
segmenting a body part has already been addressed in [36],
[37], [38].
It is also of underlying interest to the system separating
movement steps. This will assist the evaluation of the professional who will use the system. For such, an automatic
separation is possible to combining segmentation already taken
and a pose estimation system [39], [40], which can identify
which part of the movement the patient made.
With that intensive search for accuracy during segmentation
results, misleading conclusions may appear, and the final
results may not match the actual values. This can happen
because of the previous steps that can propagate errors through
the system. The error of the system starts from the sensor calibrations, as shown in [41], [27], [42], until the reconstruction
which will have to deal with noise and missing points, thus

Fig. 5.

Tracking human movement to reconstruct its volume.

needing to be robust to reduce the impact in the tracking and
volume reconstruction steps. Anyway, it is also necessary to
develop a consistent methodology to assess the measurement
error of the system not only selecting the best configuration for
the system, but also confirming the final feasibility in patient’s
use.
VI. H OW TO MEASURE P HYSIOTHERAPY TREATMENT
PERFORMANCE

Reaching objects is a type of movement very affected by
patients with Hemiparesis. To perform an activity such as picking up a glass of water, humans can move through different
paths with their hands. When leaving a starting position, one
can scroll through the possible paths (1, 2 or 3, as shown in 6).
For healthy persons, there is a conscious or automatic choice
for path 1, in the figure, since the necessary coordination of
muscle contractions to move is completely full. Conversely,
hemiparetic patients tend to follow the easier path available
(2 or 3) within a smaller range of possibilities due to the
injury in the central nervous system. In other words, healthy
persons choose the path with the best efficiency, always trying
to achieve the minimum waste of energy as possible (path 1
in Fig. 6).
Theories of motor learning establish that decreased energy
waste may indicate improvements in the performance of a
human activity [3]. This is supported by the assertion that
human body always attempts to minimize energy cost of its
movement [4]. For example, when athletes try to make an
action which demands rhythm and length, they always train
on more suitable strategies to minimize energy consumption
[4]. Thus, in rehabilitation of hemiparetic patients, there is a
quest for recovery of movement aiming to make it as effective
as possible. This way, the reduction in energy waste in
motor relearning for hemiparetic patient activities may indicate
improvement in therapy [3]. Based on that, it is necessary
that our system allows to evaluate the path performed by the

patient, calculating the energy wasted. This allows for the
establishment of improvement or worsening in treatment. On
that account, we suggest to exploit specific energy cost and
reachable workspace as determinant parameter for a “better”
or “worse” motor learning.
A. Energy cost
The measurement of energy cost is generally performed by
calculating the maximum oxygen consumption or estimation
of this. As the name implies, this calculation estimates the
energy consumption of the entire body. Another way is to
estimate the metabolic equivalent (MET) activity by means of
general equations, although it is a general measure and does
not provide a accurate value [1]. Here, we propose the use of
the specific energy of each movement. The kinetic energy is
calculated as a function of mass and velocity, given by
∫ ∫
K=

υ dmdυ

(1)

where the inner integral sums over the mass element dm and
the second over the velocity dv. For a solid body with constant
mass, one can eliminates the mass dependence by estimating
the specific energy, defined as
∫
k=

υ dυ

(2)

After the reconstruction of the body volume and the establishment of fiducial body ranges over the patient, it is possible
to calculate the volume of the movement, and statistically estimate the specific energy of the volume. From the comparison
between the “before” and “after” energy, one can observe the
evolution of the patient in the treatment. This approach relies
on the use of the reachable workspace method, described next.

Fig. 6.

Evaluating the minimization of movement energy.

B. Reachable workspace
Searching for new ways of analyzing human functional
movement, [2] proposes a methodology to assess 3D reachable
workspace of human arms. The rationale is to make graphical
representation of the volume movement boundaries. In [15],
the authors postulate that the use of 3D reachable workspace
should be used to identify clinical changes in human functional movement (see Fig. 5). The concept of 3D reachable
workspace was first used to measure the reach of a robot
arm, and its first application in humans took place in the
evaluation of activities of an airplane pilot [45]. [2] perform a
measurement of the 3D reachable workspace using a low-cost
stereo camera. That camera system was capable of capturing
and reconstructing 3D reachable workspace with robustness
and minimal loss of data points. In [45], an RGB-D camera
was used to analyze the 3D reachable workspace, comparing
with a motion capture system (MCS). The results showed that
RGB-D cameras are so accurate and reliable as MCS. Here,
we intend to evolve this concept to quantify movement volume
and its specific energy to evaluate human functional movement
in hemiparetic individuals.
VII. C ONCLUSION
A proposal of a human functional movement analysis by
specific energy of movement volume was presented here. The
aim is to apply a system comprised of RGB-D cameras to
hemiparetic individuals in order to asses the quality of Physiotherapy treatment. The rationale of using specific energy of
movement volume over the patient’s 3D reachable workspace
is to avoid common errors on the calculation of joints and angles. By computing the specific energy, one can easily achieve

an amount of energy without tanking into consideration the
body-part mass, which would be very expensive to compute
by using camera sensors. In the future, the goal is to build the
apparatus to develop our method and quantify its performance.
It is noteworthy that the comparison between the “before”
and “after” events, that will be analyzed by the system, must
be done stochastically, turning the method more flexible to
inherent system errors.
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