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Abstract—Parkinson’s disease is the fastest growing
neurological disorder worldwide. Traditionally, diagnosis and
monitoring of its motor manifestations depend on examination
of the speed, amplitude, and frequency of movement by
trained providers. Despite the use of validated scales, clinical
examination of movement is semi-quantitative, relatively
subjective and it has become a major challenge during
the ongoing pandemic. Using digital and technology-based
tools during synchronous telehealth can overcome these
barriers but it requires access to powerful computers and
high-speed internet. In resource-limited settings without
consistent access to trained providers, computers and internet,
there is a need to develop accessible tools for telehealth
application. We simulated a controlled asynchronous telehealth
environment to develop and pre-test optical flow and inertial
sensors (accelerometer and gyroscope) to assess sequences
of 10 repetitive finger-tapping movements performed at a
cued frequency of 1 Hz. In 42 sequences obtained from 7
healthy volunteers, we found positive correlations between the
frequencies estimated by all modalities (p=0.63-0.93, P<0.01).
Test-retest experiments showed median coefficients of variation
of 7.04% for optical flow, 7.78% for accelerometer and 11.79%
for gyroscope measures. This pilot study shows that combining
optical flow and inertial sensors is a potential telehealth
approach to accurately measure the frequency of repetitive
finger movements.

Clinical relevance— This pilot study presents a comparative
analysis between inertial sensors and optical flow to
characterize repetitive finger-tapping movements in healthy
volunteers. These methods are feasible for the objective
evaluation of bradykinesia as part of telehealth applications.

I. INTRODUCTION

Bradykinesia is required for the diagnosis of Parkinson’s
disease (PD) and it refers to the slowness of movement
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with a progressive reduction of either the frequency or the
amplitude of repetitive movements. The Movement Disorders
Society sponsored Unified PD Rating Scale (MDS-UPDRS)
is a validated rating scale that includes several items for the
examination of bradykinesia [1]. In the MDS-UPDRS, item
3.4 evaluates repetitive finger-tapping (FT) by instructing the
subject to “tap the index finger on the thumb 10 times as
quickly and as big as possible”. As such, this assessment
provides semi-quantitative and relatively subjective data that
is dependent on direct visual inspection of the speed and
amplitude of the movements by trained providers [2]. Quan-
titative characterization of repetitive FT could provide more
accurate and sensitive assessments of bradykinesia. Previous
studies using counters or keyboards to record the number of
taps have reported unpredictable results with low temporal
resolution [3]. Tri-axial accelerometers have been used to
analyze FT and showed significant differences between peo-
ple with PD and healthy controls [2]. Gyroscopes have the
advantage that they are free from gravitational artifact. They
have been used for assessment of bradykinesia but larger
studies are needed to confirm their potential [4]. Computer
vision techniques have been used successfully to identify the
presence of hand tremor and to discriminate individuals with
PD from healthy controls. For instance, in the framework
of Langevin et al. [5], videos recorded by webcams were
analyzed by the Farnebdck algorithm for optical flow (OF)
estimation, which considers the distance from the camera
and the number of FT movements. Williams et al. [6] used
another OF method based on the Horn—Schunck algorithm
and Support Vector Machine (SVM) to predict bradykine-
sia using smartphone videos. Similarly, the frequency of
hand tremor has been quantified with the Lukas Kanade
OF algorithm and SVM to distinguish tremor from non-
tremor periods [7]. In a comparative analysis, Nemade et
al. [8] showed that the Farnebick algorithm presents better
results in terms of execution time. Husseini [9] noted that
the Farnebidck algorithm is more accurate than the Lukas
Kanade algorithm, except for outdoor scenes. During the
ongoing pandemic, synchronous telehealth applications are
able to generate valid and reliable data for the diagnosis and
monitoring of the motor manifestations of PD. Synchronous
telehealth requires access to powerful computers and high-
speed internet. In resource-limited settings, the diagnosis and
monitoring of the motor manifestations of PD is a major
challenge due to the lack of consistent access to trained
providers, computers and internet. Thus, it is still necessary
to develop accessible tools for implementation as part of

2409



telehealth applications to remotely diagnose and monitor
the motor manifestations of PD [10] [11]. In this pilot
study, we simulated asynchronous assessments to develop
and pre-test a comparative analysis between OF (based on
the Farneback algorithm) and inertial sensors (accelerometer
and gyroscope) to assess repetitive FT movements performed
at a cued frequency of 1 Hz by seven healthy volunteers. We
evaluated and compared the characterization of the frequency
of repetitive FT movements by the three modalities using
frequency peak analyses, Spearman-rank test and coefficient
of variation (CV).

II. OPTICAL FLOW ESTIMATION

Optical flow estimates the change in the brightness of each
pixel in the (x,y) coordinates of an image 1. This algorithm
is based on 2 assumptions: spatial smoothness and constant
brightness intensity [8]. An OF equation can be expressed
by (1):

IV, +1,V,+1; =0 (1)

Where I, I;, I; are the image gradients from horizontal,
vertical and time domain, respectively. Additionally, V, and
V, are the temporal vectors, whose components represent
horizontal and vertical velocities, respectively. These vectors
were estimated using the Farnebick algorithm as previously
reported [12]. This algorithm uses a polynomial expansion
transformation to approximate the motion between the cur-
rent and previous frames as obtained by equation (2):

flx)~ 2T Az + 07z + ¢ (2)

Where x is a vector that includes the running variables x and
y, A is a symmetric matrix, b is a vector and c; is a scalar.

III. MATERIAL AND METHODS
A. Data acquisition

Seven right-handed healthy adults from Lima, Peru, volun-
teered to participate in this study (4 male, mean age + SD =
33.9 £ 26.9 years-old, range = 20-79 years-old). According
to the the principles outlined in the Helsinki Declaration of
1975, which were revised in 2000, these volunteers gave their
informed consent to participate in the following experiments.
Under guidance of 2 technical assistants (ET , LU), each
of the 7 volunteers performed 6 sequences of repetitive FT
movements by tapping the index finger on the thumb of
their right hand for 10 times at a cued frequency of one tap
per second (i.e. 1 Hz). During the movements, the assistants
counted seconds out loud while volunteers performed taping
movements. Three of the 6 sequences were performed while
keeping the right elbow resting on a desk and the other 3
sequences were performed while lifting the right elbow off
the desk (Fig. 1). Before movement initiation, the technical
assistants placed a calibrated MPU-6050 sensor, which in-
cludes a tri-axial accelerometer and a tri-axial gyroscope, on
the middle phalanx of the right index finger with its Z axis
aligned vertically and perpendicularly to the finger (Fig. 2).
During FT movements, an Arduino UNO was employed to
acquire the acceleration and the angular velocity values from

accelerometer and gyroscope, respectively. This data was
acquired at the sampling frequency of 28 Hz, which allows
to compute 230 samples from each recording. The same
FT movements were also video recorded by the technical
assistants using a Motorola G7 power smartphone camera
with a resolution of 12 megapixels. The assistants adjusted
the smartphone until a proper camera focus was achieved,
making sure to include the fingers in the video at all times.
During the recordings, no moving objects were present as
part of the background. The video recording frequency was
25 frames per second and the videos were resized to a
resolution of 320x240 pixels and stored in MP4 format
without the audio track to reduce storage requirements and
processing time.

@) S

Fig. 1: (a) Raised elbow and (b) resting elbow conditions.

prior to finger-tapping movements.

B. Data processing

1) Optical flow: The axial components of the vectors
between two consecutive frames of a video were calculated
by the Farnebidck algorithm, which generates a matrix of
values for each of those consecutive frames. We obtained
the average of those values to calculate a new array for each
video. From these arrays, the Fast Fourier Transformation
algorithm was performed to obtain the frequency peaks of
axial movement in each video. All the offline processing was
performed using MATLAB R2019b.

2) Inertial sensors: The values for acceleration and an-
gular velocities were stored as arrays and computed using
the Fast Fourier Transformation algorithm to obtain the
corresponding frequency peaks. All the offline processing
was also performed using MATLAB R2019b.

C. Statistical Analysis

Spearman-rank tests assessed correlations between the
frequency measurements obtained by the three modalities.
Test-retest experiments were conducted to obtain the CV of
each modality for each individual. Statistical significance was
predefined at the P<0.01.
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IV. RESULTS

Fig. 3 (a) shows the vectors in the axial direction calcu-
lated by the OF algorithm applied to a representative video.
Fig. 3 (b-d) shows the comparison of the frequency peaks
of axial movement obtained by each modality during three
FT sequences performed by one volunteer with raised elbow.
Fig. 4 and Fig. 5 show the computed frequency values for
the three sequences of FT movements performed by each
volunteer with raised elbow and resting elbow, respectively;
and analyzed by the accelerometer (a), gyroscope (b) and
OF (c). In both figures, (d) shows the values of the CV for
the three sequences of FT measured by each modality. Fig. 6
shows the CV of the computed frequency values obtained by
the three modalities during each sequence of FT movements.
Table I shows the results of the Spearman-rank test analysis.
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Fig. 3: (a) Representative frame showing the axial vectors
produced by the optical flow algorithm. Representative nor-
malized frequency peaks from the (b) first, (c) second and
(d) third sequence of finger-tapping movements performed
by one of the healthy volunteers with raised elbow.

Accelerometer OF
Raising | Accelerometer - p: 081
elbow P: 7.97e(-6)
Gyroscope p: 0.74 p: 0.80
P: 1.12e(-4) | P: 1.56e(-5)
R;;t;:vg Accelerometer - p: Z%Z(()_ 1)
Gyroscope p: 093 p: 0.63
P: 1.32e(-9) P: 0.0023

TABLE I: Correlations between the frequency estimations
obtained by the three modalities during the raising elbow
and resting elbow conditions (coefficient p) and P-value (P)
obtained by the Spearman-rank test.

V. DISCUSSION

In this study, we aimed to 1) develop and pre-test accessi-
ble tools and 2) refine protocols for future data acquisition to
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Fig. 4: Maximum frequency values from the three sequences
analyzed by (a) accelerometer, (b) gyroscope and (c) optical
flow method from each volunteer while raising elbow. (d)
Coefficient of variation of the frequency values obtained for
each volunteer by the three modalities.
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Fig. 5: Maximum frequency values from the three sequences
analyzed by (a) accelerometer, (b) gyroscope and (c) optical
flow method from each volunteer while resting elbow. (d)
Coefficient of variation of the frequency values obtained for
each volunteer by the three modalities.
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Fig. 6: Coefficient of variation of the frequency values from
the three sequences analyzed by each modality while (a)
raising elbow and (b) resting elbow.
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characterize repetitive FT movements by combining inertial
sensors and OF in a controlled environment. Our study was
performed in healthy volunteers repeating FT movements at
a cued frequency of 1 Hz, however it cannot be guaranteed
that this frequency was maintained in all volunteers. The FT
experiments were repeated by the same healthy volunteers
to compare results in two clinically relevant conditions
(raising elbow and resting elbow) while simultaneously using
three modalities to estimate the frequency of repetitive FT
movements: accelerometer, gyroscope and OF. We found
a strong positive (p= 0.74-0.81) and significant (P<0.01)
correlation between the frequency estimations obtained by
the three modalities when repetitive FT movements were
performed while raising elbow. The OF approach generated
precise values in the test-retest experiment. For instance, the
maximum CV was 13.32% for volunteer 5. In contrast, both
inertial sensors generated high variation in the frequency
estimation (maximum CV was 118.19% for volunteer 4 and
39.59% for volunteer 3). This difference could be attributed
to the abrupt movement of the fingers during the test, which
generates noise peaks in the signals, especially in those
obtained by the accelerometer. Future studies could include
signal filtering in order to obtain more accurate results for the
inertial sensors. When FT movements were performed while
resting the elbow, the correlation between the accelerometer
and gyroscope modalities was positive and stronger (p=
0.93) than that obtained when raising the elbow (p=0.74).
In comparison, the correlations between inertial sensors and
OF, obtained in the resting elbow condition (p=0.63-0.70) are
not as strong as those found for the raising elbow condition
(p=0.80-0.81). Regardless of the raising or resting elbow
condition, the OF modality generated low CV (Fig. 4 (c), Fig.
5 (¢)) in the test-retest experiments when compared to both
inertial sensing modalities. We also found that the maximum
CV was 108.87% for accelerometer measures and 53.53%
for gyroscopic measures (both for volunteer 5). Notably,
volunteer 4 had the highest CV result for OF (59.35%). The
fact that the variation during each sequence was lower in the
resting elbow condition (Fig. 6) could be beneficial when
testing patients with PD, who may have difficulties raising
their elbow to perform FT movements. In general, our results
show that OF, accelerometer and gyroscope measures provide
appropriate estimations of the frequency of repetitive FT
movements in several sequences. This is in line with previous
work that suggests that more than two FT test sequences
are necessary to accurately evaluate movement characteristics
[13]. These preliminary observations need to be confirmed in
larger studies but differences in video acquisition and muscle
contraction during each condition could be contributing to
the differences we have observed.

VI. CONCLUSIONS AND FUTURE WORK

This comparative analysis shows that combining inertial
sensing and computer vision techniques is feasible to char-
acterize the frequency of repetitive FT movements. Future
studies will elucidate whether integrating sensor-based and
computer vision techniques could refine acquisition protocols

to achieve more accurate and quantitative characterization
of the frequency and amplitude of FT as part of telehealth
applications. These data could then be used to train an
algorithm that 1) distinguishes patients with PD from healthy
controls and 2) measures changes in the motor manifestations
of PD over time.
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