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Abstract
This thesis investigates the assessment of motor functions using a radar sensor,
focusing on the finger tapping test. The primary goal is to help healthcare profes-
sionals in accurately detecting and analyzing finger tapping test, which is essential
for effective treatment and management of Parkinson’s disease (PD). Data of sev-
eral finger tapping scenarios was collected by mimicking them by healthy individuals
using the radar sensor, followed by comprehensive data and signal processing.
The developed model achieved a promising accuracy of 93.18% on the dataset col-
lected by students. It successfully identified and scored the cases with interruptions,
as well as amplitude and frequency decrements, although it does not provide a
severity score for decrement cases. However, the model’s inability to handle cases
involving combinations of interruptions and decrements was identified as a limita-
tion. Tests conducted by physiotherapists resulted in lower accuracy, primarily due
to the radar sensor’s high sensitivity to motion and distance changes.
This thesis explores the potential of radar sensor technology in monitoring motor
functions while highlighting the challenges associated with data collection and sensor
sensitivity.

Keywords: Parkinson’s disease, finger tapping test, radar sensor, motor function
assessment, FMCW radar sensor,
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1
Introduction

Parkinson’s Disease (PD), the most common movement disorder, is characterized by
disruptions in body movement, which can significantly impact patients’ ability to
engage in activities and participate in daily life. Parkinson’s disease (PD) impacts
roughly 1.47% of individuals aged 60 years or above [1]. In 2015, Parkinson affected
more than 6 million people globally [2], and now there are more than 10 million
people suffer from PD, making it the neurological disorder with the fastest-growing
prevalence [3].

PD is a common Neurodegenerative diseases associated with the loss of dopamin-
ergic terminals in the basal ganglia and the loss of neurons in the substantia nigra.
Diagnosis, reliable monitoring of patients, and assessment of the effectiveness of
medications are crucial aspects of managing PD. Diagnosing PD is particularly chal-
lenging because there is no specific physical test available; it is primarily diagnosed
based on clinical observations. And monitoring of PD is significantly important as
it contributes to enhancing patients’ quality of life. By closely monitoring medica-
tion effectiveness and symptom progression, healthcare teams can collaborate with
patients to make informed decisions and explore alternative treatments.

Motor function assessment is the evaluation of patient’s ability to perform specific
movements. These assessments are crucial as they are designed to measure various
aspects of motor functions. They help physiotherapists in several ways: diagnos-
ing conditions, monitoring progress, designing treatment plans, and measuring the
outcomes of treatments. Motor function assessment covers the main characteristics
of PD, including bradykinesia, rigidity, tremor, and gait and balance abnormalities.
And finger tapping test is one of the popular tests being used to evaluate bradyki-
nesia.

In motor assessment process, clinicians gather information on motor symptoms for
treatment decisions. This is often done using standardized tools such as the Unified
Parkinson’s Disease Rating Scale (MDS UPDRS). These tools include tests that
give a total score, reflecting the overall disability of the patients. For example, in
the finger tapping test, where the patient is required to tap the index finger on the
thumb as fast and as big as possible, the MDS-UPDRS scale gives scores based on
the number of interruptions, slowing, or amplitude decrement observed during the
test.

Currently, physiotherapists face challenges in documenting their observations during
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1. Introduction

these tests manually. This process requires them to monitor each patient’s perfor-
mance, noting any interruptions, changes in rhythm, or other relevant details. How-
ever, this manual approach often proves to be insufficient and intensive, affecting
the efficiency of patient assessment and potentially leading to inaccuracies in data
recording. Therefore, it is crucial to develop rapid, affordable, and reliable methods
to analyze and understand motor functions and their fluctuations. These meth-
ods are essential for assisting healthcare teams in effectively managing Parkinson’s
disease.

1.1 State of Art
The article [4] discussed the detection of bradykinesia, by analyzing hand move-
ment frequency. The detection system utilized an accelerometer sensor embedded
in a bracelet to measure movement frequencies. Data was collected from partici-
pants performing pronation-supination movements. [4].

The study by [5] introduced a method for detecting bradykinesia in PD patients
using a deep learning-based system in conjunction with a wearable device. This
device, equipped with inertial sensors, was connected to the patients’ wrists and
ankles. The authors implemented a deep learning model for the identification of
bradykinesia, achieving an accuracy rate of 98.6% [5].

The study by [6] employed three sensors were attached to the patients’ neck, symp-
tomatic hand, and contralateral leg using straps to collect data for motor fluctuations
analysis.A machine learning model was then employed to classify the activities based
on the collected data. And the results demonstrated that the model could effectively
detect resting tremors from physical activities.

The study [7] developed a model to assess the severity score of the finger tapping
test. The researchers captured the data using computer webcams. Models were em-
ployed to detect and monitor hand movements, focusing on the finger-tapping angle
between the thumb finger-tip and the index finger. Different metrics was measured,
including finger tapping amplitude—determined by the maximum distance between
the thumb and index finger—speed, acceleration, and wrist movement. These met-
rics were utilized to evaluate various aspects such as Aperiodicity (absence of re-
peating patterns), interruptions, freezing instances, longest freezing duration, and
amplitude decrement. The model was then used machine learning to classify cases
based on these features and assign scores according to the MDS UPDRS scale.

While the studies discussed above show promising results, there are certain limi-
tations to consider. Firstly, the devices and wearable sensors used in the first three
articles are expensive, which makes it impractical to provide them to every patient.
Additionally, relying on body-attached sensors has its disadvantages. These sensors
may not capture data from body parts not connected to them. Moreover, having
sensors attached to multiple body parts can be uncomfortable for patients and may
affect their willingness to use them consistently.
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1. Introduction

Furthermore, although using video for motor function assessment has produced pos-
itive outcomes, it may not be accepted by all patients. Some individuals may feel
uncomfortable being recorded during assessments, raising concerns about privacy
and personal comfort. These considerations highlight the need for the development
of more affordable and patient-friendly monitoring solutions that prioritize accessi-
bility and user comfort.

1.2 Aim
This method aims to offer hospitals a more reliable alternative to the current sub-
jective assessment method for finger tapping test, which rely heavily on clinicians’
memory and verbal descriptions of symptoms, lacking quantifiable data. By pro-
viding data-driven insights, doctors will have the tool to monitor the progression
of the disease, evaluate medication effectiveness and make informed decisions based
on objective facts rather than subjective impressions. We start by utilizing a simple
and inexpensive sensor to collect data on finger tapping test which can be used rou-
tinely in hospital settings to evaluate motor symptoms. Subsequently, we analyze
the gathered data to derive valuable insights into these motor symptoms. Finally,
we deploy the model and evaluate its performance.

3
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2
Theory

This chapter aims to provide a theoretical overview of various concepts related to
Parkinson’s disease. We’ll explore both motor and non-motor symptoms associated
with the condition and discuss how radar sensor technology works.

2.1 Parkinson Disease
Parkinson’s disease (PD), which was identified by James Parkinson in 1817 for the
first time, is the second most prevalent neurodegenerative disorder globally, after
Alzheimer’s disease [8]. This condition is characterized by a range of symptoms af-
fecting motor and cognition functions. These symptoms arise due to the progressive
loss of nerve cells in a specific region of the brain known as the substantia ni-
gra. Dopaminergic (DA) neurons are specialized cells found in the substantia nigra.
These neurons are essential for the synthesis and release of dopamine, a neurotrans-
mitter that acts as a messenger in the brain, allowing different parts of the brain
that regulate movement to communicate with one another [9]. The progressive loss
of these DA neurons, especially after about 80% are destroyed, is demonstrated by
the progressive development of typical symptoms of PD. Figure 2.1 illustrates the
location of the substantia nigra within the brain and highlights the differences be-
tween the substantia nigra in healthy individuals and those with Parkinson’s disease,
due to the loss of DA neurons.

Figure 2.1: Substantia nigra in the human brain, in healthy individuals and PD
patients [10]
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2. Theory

The precise cause of Parkinson’s disease remains unknown, but researchers have
identified certain genetic mutations linked to the degeneration of DA neurons. Ad-
ditionally, it is believed that exposure to environmental toxins or certain chemicals
contribute to the development of PD. Parkinson’s disease is more common as people
get older, typically beginning at age 60 [11].

2.1.1 PD Symptoms
2.1.1.1 Non-Motor Symptoms

Non-motor symptoms are present in patients with PD. [13]. James Parkinson identi-
fied non-motor symptoms during the prodromal or pre-PD phase [15]. These symp-
toms include various categories as shown in figure 2.2, which can be explained as
follows.

Figure 2.2: Non-Motor Symptoms Associated with PD [15]

• Neurobehavioral changes: people with PD often experience changes in behav-
ior or mental health issues that aren’t related to movement. These include
depression, anxiety, phobia, inhibition in social interaction, cognitive impair-
ment, and dementia [15].

• Autonomic failure: Autonomic failures involve issues like blood pressure abnor-
malities, gastrointestinal problems, sexual difficulties, thermoregulatory issues,
and urinary problems [15].

• Sensory impairments: Sensory impairment often includes abnormalities in the
sense of smell, visual problems such as reduced ability to distinguish colors,
lower contrast sensitivity, and dry eye syndrome [15].

• Sleep disorders: Sleep disorders in PD may include difficulties in falling asleep
or staying asleep, restless legs syndrome, vivid dreams, rapid eye movement
sleep behavior disorder, and excessive daytime sleepiness (EDS) [16].

6



2. Theory

2.1.1.2 Motor Symptoms

Parkinson’s disease is recognized as a progressive disorder affecting movement, with
its primary symptoms being related to motor function. While there is growing
knowledge of non-motor symptoms associated with PD, the diagnosis process has
traditionally focused on identifying specific motor-related symptoms. A clinical
diagnosis of PD typically requires the observation of two or more motor-related
signs or symptoms. Below, we explain the most significant motor symptoms as
illustrated in figure 2.3.

Figure 2.3: Motor Symptoms Associated with PD [17]

• Bradykinesia: Bradykinesia, marked by reduced movement speed, is a signifi-
cant characteristic of PD. It is a key aspect of basal ganglia disorders, affect-
ing the ability to plan, initiate, and carry out movements, as well as perform
tasks concurrently or sequentially. Early indications often include sluggish
performance in everyday tasks and delayed responses, particularly in activi-
ties requiring precise motor control, like fastening buttons or handling utensils.
Evaluation typically entails monitoring patients as they execute quick, repeti-
tive hand motions and heel taps, with attention paid not only to the slowness
of movement but also to any decrease in movement amplitude [14].

• Tremor: Tremor is an involuntary, rhythmic shaking of a body part, such as
the hand, caused by rapid muscle contractions and relaxations. There are two
main types of tremor:

1. Physiological tremor, which is normal and occurs in everyone, especially
during periods of stress or anxiety.

2. Pathological tremor, which arises from neurological conditions, and they
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2. Theory

are further classified based on when they occur, such as rest tremor or
action tremor.

In Parkinson’s disease, tremor is often one of the initial symptoms, affecting
approximately 70% of patients at the time of diagnosis. Rest tremor, char-
acterized by the "pill-rolling" motion of the hands, is common and typically
occurs when the body is relaxed. Action tremor, which happens during specific
activities like holding objects or writing, is also prevalent, particularly in the
hands. Tremor tends to worsen gradually over time, though the progression
rate varies among individuals [18].

• Rigidity: Rigidity or stiffness is often described as a constant increase in muscle
tightness, felt as steady resistance when moving a limb. In Parkinson’s disease
PD, two main types of rigidity are recognized and can occur together [20].

1. Lead-pipe rigidity: It involves stiffness that remains consistent through-
out the entire range of motion at any joint, both when extending and
flexing. It tends to worsen as the disease progresses.

2. Cogwheel rigidity: This involves muscle tightness that is regularly inter-
rupted at a frequency of 4 to 6 Hz, and sometimes at 8 to 9 Hz. This
type of rigidity often accompanies tremors and can be noticed clinically
in the early stages of PD.

• Gait impairment: Gait, the manner of walking, is typically characterized by
an upright posture, an even stride, and natural swinging of the arms. How-
ever, PD can affect this normal gait pattern. The characteristic Parkinsonian
gait often includes diminished arm swing, less fluid movement, increased limb
imbalance, slower pace, shorter steps, dragging feet, heightened reliance on
both legs simultaneously, quicker step frequency, difficulty turning smoothly,
challenges with initiating walking, freezing episodes, and decreased stability
and posture control. These gait features usually worsen over time [21].

• Postural Instability: Postural instability refers to the difficulty in maintaining
body balance in response to gravitational forces, whether at rest or in motion
[22]. Achieving and preserving postural stability necessitates precise coordi-
nation between sensory and motor systems to perceive, adjust, and execute
movements effectively [23].

• Vocal Symptoms: Vocal symptoms manifest across various aspects of speech,
such as decreased voice volume, alterations in voice quality, limited articu-
latory movements, and reduced pitch and volume variation. Recent studies
indicate that voice issues may be among the earliest signs of motor problems
in PD. It’s possible that the intricate motor control required for speech makes
it vulnerable to dysfunction before other motor symptoms appear in the limbs
[24].
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2. Theory

2.1.2 PD Diagnosis
Diagnosing Parkinson’s disease relies on a combination of factors, including the pa-
tient’s medical history, reported symptoms, and results from motor function tests.
There isn’t a specific laboratory test or imaging technique that can definitively di-
agnose Parkinson’s disease. However using the motor function assessment tests in
conjunction with evidence from neuroimaging methods can help to diagnose PD
more accurately. These imaging techniques help in detecting the degeneration of
dopamine-producing neurons in the substantia nigra. Various neuroimaging tech-
niques are employed in the diagnostic process, including Transcranial Sonography
(TCS), Magnetic Resonance Imaging (MRI), Single Photon Emission Computed
Tomography (SPECT), and Positron Emission Tomography (PET) [26].

2.1.2.1 Motor Function Assessment

Parkinson’s disease is a progressive condition characterized by diverse symptoms,
which can complicate the diagnostic process. In recent years, efforts have been made
to refine the diagnosis of PD, leading to the development of the Unified Parkinson’s
Disease Rating Scale (MDS-UPDRS) by the International Parkinson and Movement
Disorder Society (MDS). This comprehensive framework assesses both non-motor
and motor symptoms, but we will focus on motor symptoms. According to the
MDS-UPDRS criteria, a diagnosis of PD is indicated by the presence of bradyki-
nesia and at least one other cardinal motor symptom, such as rigidity or resting
tremor at 5 Hz [26].

Motor function assessment in PD involves a series of tests that evaluate various
aspects of motor function. Here are the tests commonly used to evaluate each as-
pect:

• Gait and Balance: Tests such as the Timed Up and Go (TUG), the Chair
Stand Test, the Free Walking Test, and the Pull Test provide valuable infor-
mation about a patient’s stability and ability to maintain an upright posture.

• Rigidity: Upper and lower extremity tests are used to evaluate rigidity.

• Tremor: Tests are designed to evaluate resting, action, and postural tremors.

• Bradykinesia: Commonly used tests include the Finger Tapping Test, the
Fist Open-Close Test, the Pronation/Supination of the Hand Test, the Toe
Tapping Test, and the Heel Tapping Test. These assessments measure the
strength and coordination of the upper limbs.

These methods and scales provide a solution for evaluation and severity of symptoms
which is important in assessing disease progression, and treatment response.

2.1.2.2 Finger Tapping

As discussed above, diagnostic criteria established by the International Parkinson
and Movement Disorder Society (MDS) for PD necessitate the presence of ’parkin-
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2. Theory

sonism,’ characterized by bradykinesia alongside either rest tremor, rigidity, or both.
Thus, bradykinesia is considered the defining feature of PD. Finger tapping test is
one of the common methods to evaluate the existence and degree of bradykinesia in
clinical settings [36].

Figure 2.4: Finger tapping test [37]

In this method a clinician observes the patient repetitively tapping their index finger
against their thumb as rapid and as big as possible as shown in figure 2.4. This finger
tapping examination is integrated into the standardized clinical assessment tool
MDS-UPDRS. Within this scale, three aspects of finger tapping bradykinesia; speed,
amplitude, and rhythm; are evaluated and combined into a composite score ranging
from 0 (normal performance) to 4 (severe) which can be seen in table 2.1 . The
MDS-UPDRS finger tapping score displays the severity rather than the definitive
presence of bradykinesia [36].

Table 2.1: Scoring Criteria for Finger Tapping Test

Score Level Criteria
0 Normal No problems
1 Slight (a) The regular rhythm is broken with one or two interrup-

tions or hesitations of the tapping movement.
(b) Slight slowing.
(c) The amplitude decrements near the end of the 10 taps.

2 Mild (a) 3 to 5 interruptions during tapping.
(b) Mild slowing.
(c) The amplitude decrements midway in the 10-tap se-
quence.

3 Moderate (a) More than 5 interruptions during tapping or at least
one longer arrest (freeze) in ongoing movement.
(b) Moderate slowing.
(c) The amplitude decrements starting after the 1st tap.

4 Severe Cannot or can only barely perform the task because of
slowing, interruptions, or decrements.
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2.1.3 PD Treatment
Parkinson’s disease treatment differs depending on the specific symptoms of each
patient. However, the treatment focus is on reducing discomforts or disabilities,
enhancing overall function and improving quality of life [28].

Levodopa is a common medication for PD patients which is a natural substance
that enters the brain and converts into dopamine [28]. Studies have shown that ini-
tiating treatment with levodopa provides sustained mobility benefits and improved
activities of daily living over several years compared to other medications [29]. How-
ever, this medication does not stop the progression of Parkinson’s disease, and high
doses of levodopa may result in uncontrollable movements [28].

Optimal treatment strategies for PD involve shared decision-making between pa-
tients and healthcare providers, considering the benefits and risks of each medica-
tion [28]. Over time, individuals with PD may require more frequent and higher
doses of levodopa due to disease progression and changes in brain physiology based
on motor function assessments [30]. Ultimately, having a reliable method for motor
function assessment is critical, as it is essential for tailoring the treatment process
effectively.
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2. Theory

2.2 Frequency Modulated Continuous Wave Radar
The type of sensor which is utilized in this thesis is called Frequency Modulated
Continuous Wave (FMCW) radar. The principle behind how FMCW radar works
is that it continuously sends out sinusoidal signals, which are called chirps, with
increasing frequency [32]. A synthesizer generates a chirp which is later sent out by
an TX antenna/s and once the chirp hits an object, it reflects back to the radar and
gets captured by an RX antenna/s. The signal which is used for further processing is
called Intermediate Frequency (IF) signal which is a combination between the signal
from the synthesizer and the signal from the RX antenna according to figure 2.6. The
frequency of the IF signal is equal to the difference of the instantaneous frequencies
of the two input signals according to figure 2.7. By studying the frequency and phase
of the IF signal, valuable information can be extracted such as distance and velocity
to the object. In order to understand how certain parameters can be extracted from
the IF signal, the fundamental signal processing technique Fourier Transform needs
to be considered.

Figure 2.5: Chirp - a
sinusoidal signal with in-
creasing frequency over
time [32]

Figure 2.6: Steps for
generating IF signal [32]

Figure 2.7: The IF sig-
nal for an object at a spe-
cific distance [32]
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2.3 Fourier Transform
The Fourier Transform (FT) is a mathematical method that decomposes a signal
into its constituent frequencies. The FT takes a function of continuous/discrete time
and transforms it into a function of frequency, revealing the frequency content of the
original signal as in figure 2.8. The reason why the FT has a significant importance
regarding FMCW radar, is because it enables identification of the frequency of the
IF signal.

Figure 2.8: Frequency components in a
signal [34]

2.3.1 Discrete Fourier Transform
When applying the FT operation, one needs to consider whether it’s supposed to
be in the continuous or discrete time domain. The FT in continuous time domain is
usually used for theoretical analysis while FT in the discrete domain (DFT) is used
in more practical applications where signal processing is utilized.

As mentioned before, the FT reveal the frequency components in a given signal
and the DFT operation does it according to 2.1. The output from the DFT X[k]
is complex valued with a certain magnitude |X[k]|, which represents the level of
presence of the frequency bin k in the signal x[n], and a phase ∠X[k] which rep-
resents the phase shift of the signal x[n] at the given frequency bin k [35]. The
frequency bin k is equivalent with the frequency fk = n k

N
and one can see that the

DFT divides the frequency spectrum into N evenly spaced frequencies where N is
the number of samples of the signal x[n]. Lastly, the Fast Fourier Transform (FFT)
is commonly used in practise instead of DFT because, in short terms, it’s a more
efficient operation of DFT but the principle and outcome is the same.

X[k] =
N−1∑
n=0

x[n] e−i2πn k
N (2.1)
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2. Theory

2.3.2 Short Time Fourier Transform
Another version of the DFT, which is fundamental in this thesis, is the Short Time
Fourier Transform (STFT). The STFT computes the DFT of the signal but not at
once since it divides the signal into shorter time windows. The result of this is that
one can study how the frequency in the signal changes over time as in figure 2.9.
This will be of significant importance in order to analyze the change of frequency
over time in the finger tapping test later on.

Figure 2.9: The Short Time Fourier
Transform [31]
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2.4 FMCW Radar Theory
Once the data has been collected from the radar, there are some common data pro-
cessing procedures which will be applied in order to capture some desired patterns.

2.4.1 Generating Range Profile
As mentioned in the beginning regarding FMCW radar, the frequency and phase
of the IF signal gives valuable information about the object in front of the radar.
The frequency of the IF signal represents a specific distance between the radar and
the object according to equation 2.2 where c is the speed of light, S is the slope of
each chirp and fIF is the frequency of the IF signal. Therefore, by applying FFT
on a certain IF signal gives the frequency of the IF signal which in turn gives the
distance between the radar and the object.

d = cfIF

2S
(2.2)

In figure 2.10 one can study how a range profile is being generated where the left
side represents how many chirps that are transmitted from the radar with a certain
frame interval Tc between each chirp. Each transmitted chirp reflects onto the object
and generates a certain IF signal (study figure 2.7) which corresponds to a row in
the matrix in figure 2.10. Each box in a specific row corresponds to a sample of the
IF signal and when the FFT is applied to the IF signal, it’s applied to the whole
sequence of samples in a specific row. By applying FFT to the sequence of samples
(columns) in each frame (row), one will generate a range profile matrix. The range
profile matrix is complex valued where in each frame, the column/frequency bin,
which contains the complex value with the greatest magnitude, corresponds to the
frequency of the IF signal. In this way, the distance between the radar and the
object can be extracted in each frame.

Figure 2.10: Range profile matrix [32]
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2. Theory

2.4.2 Detection of Small Movements with Varying
Frequencies

In this thesis, there will be of a significant importance to detect small changes in
movements because of the finger tapping test that will be implemented later on.
Small changes in movements can sometimes be hard to recognize by the human
eye, especially to categorize the movement change. However, detecting changes of
frequency with radar is much easier and this is where STFT is utilized. If the change
of movement is approximately performed at the same distance to the radar, which
will be the case in this thesis, then STFT can be applied to the frequency bins
(columns) that corresponds to the distance for all frames (rows). The result of this
would be to see how the doppler frequency of the movement changes over time. Also,
one will later see that a conversion from doppler frequency to velocity is preferred
and in order to do that the following formula is used in 2.3 where c is the speed of
light, fDoppler is the doppler frequency and fStart is the start frequency of the chirps.

v = λω

4πTc

=

λ = c/fStart

ω = 2πfDoppler

 = cfDoppler

2fStart
(2.3)
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Methodology

3.1 Radar Settings
The sensor utilized in this study is a FMCW radar sensor operating at frequency
of 77 GHz, manufactured by Texas Instruments. This radar sensor generates the
chirp signal, covering a maximum frequency range of 4 GHz. The Analog to Digital
Converters (ADCs) sample the IF signal. These sampled signals are then transmit-
ted to a computer via User Datagram Protocol (UDP) packets through an Ethernet
cable connection.
The data transmission process is further supported by an additional evaluation
board, the DCA1000, which works in conjunction with an FPGA board.The speci-
fications of the radar sensor system are detailed in Table 3.1. Figure 3.1 illustrates
the radar sensor, highlighting the positions of the antenna and the data capture
board (DCA1000).

Table 3.1: Radar Sensor Specifications

System Configuration Value Unit
Start Frequency 77 GHz
Max Bandwidth 4 GHz
Max ADC Sampling 10 Msps

Figure 3.1: FMCW Radar Sensor
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The performance of the FMCW radar is affected by the configurations of its chirp
parameters, which can be adjusted based on the application. Communication be-
tween the radar sensor and the data capture board is through a Graphical User
Interface (GUI), known as mmWave Studio provided by Texas Instrument. By us-
ing GUI users can configure and tune the chirp parameters, such as the total number
of frames transmitted by the radar, Bandwidth, and other parameters. The specific
configurations utilized for data acquisition are outlined in Table 3.2.

Table 3.2: Chirp Parameters

Parameter Value Unit
Start Frequency 77 GHz
Bandwidth 3.6 GHz
ADC Sampling 6250 ksps
ADC Samples 256 -
Chirp Slope 80 MHz/µs
Total Frames 40000 -
Chirps per Frame 1 -
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3.2 Data Collection
Following the configuration of the radar sensor, data collection was conducted within
a laboratory setting from participants. Each participant was positioned approxi-
mately 50 cm away from the radar sensor, with their hand situated at a distance of
about 10-15 cm. Participants performed finger tapping tests in front of the sensor
within the designated transmission time frame. To ensure comprehensive data col-
lection for model development, various scenarios were considered, resulting in the
first dataset being collected. These scenarios are detailed below:

• Case 1: Participants performed the finger tapping test under normal conditions
without any interruptions.

• Case 2: Participants simulated the finger tapping test with 1 or 2 interruptions.
• Case 3: Participants simulated the finger tapping test with 3 to 5 interruptions.
• Case 4: Participants simulated the finger tapping test with more than 5 inter-

ruptions and freezing.
• Case 5: Participants simulated the finger tapping test with a slight decrease

in frequency.
• Case 6: Participants simulated the finger tapping test with a mild decrease in

frequency.
• Case 7: Participants simulated the finger tapping test with a moderate de-

crease in frequency.
• Case 8: Participants performed the test with a slight decrease in amplitude.
• Case 9: Participants performed the test with a decrease in amplitude midway

through the 10 taps.
• Case 10: Participants performed the test with a decrease in amplitude starting

after the first tap.
• Case 11: Participants simulated the finger tapping test as if unable to perform

the task.
After developing the model, two additional data collection sessions took place to
validate and evaluate its performance. One session was conducted with physiother-
apists, and the other with the students involved in this thesis. During these sessions,
more data including all the aforementioned cases was collected.
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3.3 Finger Tapping Quantification Algorithm
Once the raw radar data from the finger tapping assessment has been collected,
it needs to be converted before the algorithm can process the data. After the
conversion, the data will be sent as an input to the Finger Tapping Quantification
Algorithm (FTQA) in order to evaluate the motor performance. The structure of
the work chain and the FTQA can be studied in figure 3.2 and 3.3. In order to obtain
a fundamental understanding of the FTQA, two cases will be considered during the
analysis of the algorithm. One of the cases will include true interruptions and the
other one will include slight decrease in frequency.

Figure 3.2: Overview of the work chain from data collection to
output parameters

Figure 3.3: Data processing algorithm for finger tapping assessment
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3.3.1 Signal Processing
The first two steps are highly connected to what was covered in the last part of
the theory 2.4.1, 2.4.2, which is to generate a range profile and then utilize STFT.
Since the distance to the radar was approximately calculated before the measure-
ments, the desired range/frequency bins could be determined. Once the range profile
has been generated, STFT is applied onto the desired range/frequency bins in order
to analyze how the doppler frequency changes over time for the given collected data.

Two figures which are created in the second step is the doppler velocity and bi-
nary image of a certain finger tapping test. The doppler velocity is the velocity
detected by the radar with noise while the binary image extracts the doppler ve-
locity in clearer way, both with and without noise. The binary image is created
by studying the values in the doppler velocity and comparing them with a certain
threshold. If the value is underneath the threshold then that pixel will be set to
zero and in the other case one if the value is above the threshold. For two finger
tapping tests, one with five interruptions and one with slight decrease in frequency,
the corresponding doppler velocity and binary image can be studied in figure 3.4-3.7.

Figure 3.4: The doppler velocity with
five interruptions

Figure 3.5: The doppler velocity with
slight decrease in frequency

Figure 3.6: The binary image with five
interruptions

Figure 3.7: The binary image with
slight decrease in frequency
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Continuing, the extracted velocity without noise is processed even further by ex-
tracting the maximum velocity peak in each time instant. Note that it’s only the
velocities that have a positive sign that will be extracted because otherwise, the
unique pattern for interruptions won’t be present. The velocity peaks for the two
finger tapping tests with five interruptions and slight decrease in frequency, can
be studied in figure 3.8, 3.9. One may notice that when interruptions occurs, the
velocity peak immediately drops significant and this is the pattern that makes the
interruptions detectable by the FTQA. If the velocity peak drops below the velocity
threshold for sufficiently long time, it will be detected as an interruption by the
algorithm. The velocity threshold is dynamically determined by taking a portion
of the mean value of the ten highest velocity peaks obtained in the measurement.
The last figure which is created in this step is the moving average of the velocity
peaks and the moving average really simplifies the visualization of the interruptions
present in a finger tapping test. The moving average velocity for the two finger
tapping tests with five interruptions and slight decrease in frequency can be studied
in figure 3.10, 3.11.

Figure 3.8: The velocity peaks with
five interruptions

Figure 3.9: The velocity peaks with
slight decrease in frequency

Figure 3.10: The moving average ve-
locity with five interruptions

Figure 3.11: The moving average ve-
locity with slight decrease in frequency
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3.3.2 Extraction of Patterns in the Data
The third step in the FTQA is to detect where possible interruptions occur and
keep track of how many that occurred. The information from the previous step,
regarding the velocity peaks in figure 3.8 and 3.9, will be used in order to detect
the possible interruptions. This is done by continuously checking the velocity peak
(blue graph) and if the value goes below the velocity threshold for 0.175 seconds,
then it’s considered as an interruption. An important output from this step is repre-
sented as an array, containing zeroes and ones, which is called Predicted Interruption
Pulse Graph (PIPG). The zeroes indicates an interruption and the ones indicates
non-interruption. The PIPG contains valuable information about how many inter-
ruptions that occurred, where each interruption occurs, the time duration of each
interruption and the time between each interruption.

Sometimes the velocity peak will exceed the velocity threshold in the middle of
an ongoing interruption due to the sensitivity of the radar. This is not desirable
since this would mean that more interruptions will be detected since real interrup-
tions will be divided into several ones. However, the third step has a built-in feature
that prevents this behaviour by checking the time duration of all non-interruptions
in the PIPG. If the time duration of a certain non-interruption goes beneath a pre-
defined time threshold, namely 0.0775 seconds, the location of the non-interruption
in PIPG is set to zero which means that it’s considered as an interruption.

Step four, five and six is all about extracting the interesting time properties, that
were mentioned above, of the predicted interruptions. The calculated time proper-
ties are the time instances where each interruption start, the time duration of each
interruption and lastly the time between each interruption. This is easily done given
the information in the PIPG.

In the seventh step, the predicted interruptions will be verified which means that
it will be determined whether these predicted interruptions was caused by real in-
terruptions or by frequency/amplitude decrements. In some cases there might be
significant frequency/amplitude decrements such that the velocity peaks as in figure
3.9 goes below the velocity threshold for sufficiently long time and therefore inter-
preted as interruptions. This is something which the seventh step will prevent and
therefore distinguish between what is real interruptions and interruptions caused
by either frequency or amplitude decrements. The core idea behind distinguishing
between them is to study the moving average velocity in figure 3.10 and 3.11. When
true interruptions are present then the slope of the moving average velocity, from
where the interruption begins/ends to the lowest velocity obtained inside the time
duration of the interruption, is significantly larger than the slope of interruptions
caused by frequency/amplitude decrements.
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The main output from this step is to create the True Interruption Pulse Graph
(TIPG) and visualize it along with the PIPG. For these two cases with five inter-
ruptions and slight decrease in frequency, the two IPGs can be studied in figure
3.12, 3.13. As one can see for the case with five interruptions in figure 3.12, the
TIPG is just a copy of the PIPG because the interruptions detected are in fact
real. However for the case with slight decrease in frequency, the TIPG maintained
a constant value even though the PIPG detected two interruptions. The reason for
that is because the predicted interruptions was not caused by real interruptions,
they were caused by frequency decrement. This is something which will also appear
in the result section 4.1, both with variations of frequency slowing and amplitude
decrements 4.1.

Figure 3.12: Interruption Pulse Graph
with five interruptions

Figure 3.13: Interruption Pulse Graph
with slight decrease in frequency
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The final step in the FTQA is to categorize the motor performance by stating a
score ∈ [−2, 4] based on the information that has been extracted in previous steps.
In figure 3.14 there is a flowchart that describes how the decisions are made in the
classification step. The black boxes are statements which are evaluated and the
green boxes are the outputs. One can confirm that the classification has two major
decisions trees, one where true interruptions are present and one where it’s not.
When true interruptions are present, the first statement which is evaluated is if one
of the interruptions is a freeze or not. Since the time duration of each interruption
is given, this can easily be evaluated where a freeze is defined as an interruption
that exceeds 0.9 seconds. The rest of the statements in the first decision tree is all
about the number of interruptions detected.

In the second tree, the motor performance is either -2:Frequency Slowing, -1:Amplitude
Decrement, 0:Normal or 4:Severe. When the score is -2 then that means that the
motor test included frequency slowing and -1 for amplitude decrements but the level
of frequency or amplitude decrements could not be determined. Frequency and am-
plitude decrement are distinguished by counting the number of velocity peaks during
the test (≈ number of finger taps) and then comparing the average number of peaks
in the first three seconds of the test with the last three seconds. If the average num-
ber of peaks decreases by more than one at the end of the test, it is classified as a
frequency decrement. The idea behind this method is that when frequency slowing is
present, then the number of finger taps should decrease. However, when amplitude
decrement is present then the number of finger taps should remain the same as a
normal case. One can study how the peaks are highlighted in the cases where either
frequency or amplitude decrement are present in the following result sections 4.1.5,
4.1.6, 4.1.8, 4.1.9. The normal case is detected by checking if the minimum moving
average velocity is greater than 0.3 [m/s] or if the difference between the mean value
of the moving average velocity in the beginning and end is less than 0.1 [m/s]. The
reason for that is because in most cases when interruptions or frequency/amplitude
decrement are present, the velocity drops down to values below 0.3 [m/s] and there
are significant changes between the velocities in the beginning and the end of the
measurement.

In order to detect the worst case, 4-Severe, a variable that defines how large portion
of the whole measurement time for which the velocity peaks was beneath the ve-
locity threshold, is utilized. This means that it can be both true interruptions and
interruptions caused by frequency/amplitude decrements. The variable is then eval-
uated in order to see if it’s higher or lower than a predefined threshold which is set
to 0.6. This means that if 60% or greater of the whole measurement sequence con-
sisted of either true interruptions or interruptions caused by frequency or amplitude
decrement, then this would be considered as 4-Severe.
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Figure 3.14: A flowchart over how the motor classification function works
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3.4 Validation of the Accuracy of the FTQA
To validate the accuracy of the FTQA, two separate tests were conducted. The
first test was carried out by the students involved in this thesis. Data were col-
lected and various scenarios were simulated to represent different cases mentioned
in 2.1.2.2. The data was then examined by the FTQA to classify the motor per-
formance. Recordings of the motor performance were done in order to analyze the
test afterwards such that a ground truth of the motor performance can be made.
The second series of tests was performed by physiotherapists since they have very
good experience regarding how certain cases tend to behave. Validation for this test
was structured such that one physiotherapist simulated several cases, and another
physiotherapist evaluated and classified severity scores. Then, the FTQA also tried
to classify the motor performance in order to make a comparison. The model’s per-
formance was then compared with the physiotherapists’ evaluations to determine
its accuracy. Recordings of the motor performance were also made here in order to
analyze the test afterwards and state a ground truth.

These two validations will reveal how robust the FTQA is since the algorithm will
be exposed to many different cases because of the variety of the examined data. The
accuracy of the algorithm can be studied in section 4.2.
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4
Results

4.1 Outputs from the FTQA in Different Cases
In the previous section 3.3 one could see an example of what the output from the
FTQA would be for two certain finger tapping tests in order to understand how it
works. However, there are a lot of different cases that needs to be considered in
order to get a fundamental understanding of how the FTQA works and this will
be presented in this section. A final notice is that the different cases which will be
presented, have been mimicked by the students of this thesis. Therefore, some of the
cases may be hard to mimic precisely and especially the ones with different levels of
decrement.
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4.1.1 Normal Motor Performance without any Issues
The first case is the least complex one since it doesn’t involve any interruptions,
slowing or amplitude decrements. Therefore, the motor performance will be classi-
fied as Normal by the FTQA which is supported by the figures 4.1-4.4 below.

Figure 4.1: The velocity of a normal
motor performance

Figure 4.2: The velocity peaks of a nor-
mal motor performance

Figure 4.3: Moving average velocity of
a normal motor performance

Figure 4.4: Interruption Pulse Graph of
a normal motor performance
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4.1.2 Two Interruptions
The next case involves interruptions in the motor performance and in this specific
case, two interruptions are present which is supported by the accompanying figures
in 4.5-4.8. Since there are two interruptions present, the correct motor performance
score is Slight and this is also what the FTQA predicts.

Figure 4.5: The velocity of a test which
contains two interruptions

Figure 4.6: The velocity peaks of a test
which contains two interruptions

Figure 4.7: Moving average velocity of
a test which contains two interruptions

Figure 4.8: Interruption Pulse Graph
containing two interruptions

31



4. Results

4.1.3 Four Interruptions
This case will also consider interruptions but this time four interruptions will be
present and this can be confirmed by studying the figures 4.9-4.12. Since there are
four interruptions present, the correct motor performance score is Mild and this is
also the outcome from the FTQA.

Figure 4.9: Velocity of a test which con-
tains four interruptions

Figure 4.10: Velocity peaks of a test
which contains four interruptions

Figure 4.11: Moving average velocity of
a test which contains four interruptions

Figure 4.12: Interruption Pulse Graph
containing four interruptions
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4.1.4 Five Interruptions Including One Freezing
This case includes five interruptions but the most important factor is that one of
these interruptions is considered as a freeze. An interruption is defined as a freeze
if the duration of the interruption exceeds approximately 0.9 seconds. The correct
motor performance output will be Moderate since there is a freeze present and this
also aligns with output from the FTQA. The output figures can be studied in 4.13-
4.16.

Figure 4.13: Velocity of a test which
contains five interruptions with one freeze

Figure 4.14: Velocity peaks of a test
which contains five interruptions with
one freeze

Figure 4.15: Moving average velocity
of a test which contains five interruptions
with one freeze

Figure 4.16: Interruption Pulse Graph
of a motor performance with five inter-
ruptions that includes a freeze
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4.1.5 Slight Slowing
In this case, slight slowing has been tried to be mimicked after approximately 4.5
seconds in the test. Slight slowing should be classified as the score Slight but ac-
cording to the FTQA, it classifies it as Frequency decrement because it is not able
to score the level of frequency decrement. The different figures can be studied in
4.17-4.20.

Figure 4.17: Velocity of a test which
contains slight slowing

Figure 4.18: Velocity peaks of a test
which contains slight slowing

Figure 4.19: Moving average velocity of
a test which contains slight slowing

Figure 4.20: Interruption Pulse Graph
of a motor performance with slight slow-
ing
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4.1.6 Mild Slowing
Mild slowing was tried to be mimicked in this case and the predicted motor per-
formance score by the FTQA is Frequency decrement. The output figures from the
FTQA can be studied further in 4.21-4.24.

Figure 4.21: Velocity of a test which
contains mild slowing

Figure 4.22: Velocity peaks of a test
which contains mild slowing

Figure 4.23: Moving average velocity of
a test which contains mild slowing

Figure 4.24: Interruption Pulse Graph
of a motor performance with mild slowing
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4.1.7 Moderate Slowing
The last level of slowing was performed in this test which is moderate slowing. The
output from FTQA is Frequency decrement as expected but could not state the
severity score Moderate. Accompanying figures can be analyzed in 4.25-4.28.

Figure 4.25: Velocity of a test which
contains moderate slowing

Figure 4.26: Velocity peaks of a test
which contains moderate slowing

Figure 4.27: Moving average velocity of
a test which contains moderate slowing

Figure 4.28: Interruption Pulse Graph
of a motor performance with moderate
slowing
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4.1.8 Amplitude Decrements Near the Middle of the Test
The third parameter which will be investigated is the decrease of amplitude and in
this case the amplitude was decreased close to the middle of the test. The correct
motor performance score would be Mild in this case but the predicted motor per-
formance score by the FTQA was Amplitude Decrement. One can further study the
different figures in 4.29-4.32.

Figure 4.29: Velocity of a test which
contains amplitude decrement in the mid-
dle of the test

Figure 4.30: Velocity peaks of a test
which contains amplitude decrements in
the middle of the test

Figure 4.31: Moving average velocity
of a test which contains amplitude decre-
ments in the middle of the test

Figure 4.32: Interruption Pulse Graph
of a motor performance with amplitude
decrement in the middle of the test
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4.1.9 Amplitude Decrements Near the Beginning of the Test
In this case the amplitude decrement started early in the test which can be supported
by figures 4.33-4.35. The output predicted by the FTQA was Amplitude Decrements
even though Moderate should be the correct severity.

Figure 4.33: Velocity of a test which
contains amplitude decrement in the be-
ginning of the test

Figure 4.34: Velocity peaks of a test
which contains amplitude decrements in
the beginning of the test

Figure 4.35: Moving average velocity of
a test with amplitude decrement in the
beginning of the test

Figure 4.36: Interruption Pulse Graph
of a motor performance with amplitude
decrement in the beginning of the test
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4.1.10 Severe
The last case contained major issues in the motor performance such as very long
freezes and is therefore classified as Severe. According to the FTQA, the predicted
motor performance is also in fact Severe and the accompanying figure can be further
studied in 4.37-4.40.

Figure 4.37: Velocity of a test which is
supposed to mimic the severe case

Figure 4.38: Velocity peaks of a test
which is supposed to mimic the severe
case

Figure 4.39: Moving average velocity
of a test which is supposed to mimic the
severe case

Figure 4.40: Interruption Pulse Graph
of a severe motor performance

39



4. Results

4.2 Accuracy of the FTQA
Table 4.1 presents the results from the initial series of tests conducted. Each row
corresponds to an individual test, and the columns provide information about each
test and its outcomes.
Description column provides a brief overview of what each test involved. It includes
specific conditions or scenarios of the test. NPI column indicates the number of
interruptions predicted by the model in the first stage of testing. These predictions
are based on the model’s preliminary analysis. NCI lists the number of interruptions
that were confirmed after further verification. Severity and score columns show the
output of the model for these parameters. The final column, contains True/False
value indicating whether the model’s predictions and the severity in reality were in
agreement.

Table 4.1: Validation Results of the Test Conducted by Students

Test Description Model Output
NPI NCI Severity Score Outcome

1 7 interruptions 6 6 Moderate 3 True
2 2 interruptions 2 2 Slight 1 True
3 2 interruptions + freeze 2 2 Moderate 3 True
4 4 interruptions 4 4 Mild 2 True
5 0 interruptions 0 0 Normal 0 True
6 1 interruption 1 1 Slight 1 True
7 2 interruptions 3 3 Mild 2 False
8 5 interruptions 5 5 Mild 2 True
9 5 interruptions 5 5 Mild 2 True
10 Freq. Dec. Beg. 4 0 Freq. Dec. -2 True
11 Freq. Dec. Mid. 10 0 Freq. Dec. -2 True
12 Amp. Dec. Mid. 1 0 Amp. Dec. -1 True
13 Amp. Dec. Mid. 3 0 Amp. Dec. -1 True
14 Amp. Dec. Mid. 2 0 Amp. Dec. -1 True
15 Amp. Dec. End 3 0 Amp. Dec. -1 True
16 Freq. Dec. End 4 0 Freq. Dec. -2 True
17 Severe 6 0 Freq. Dec. -2 False
18 3 interruptions 3 3 Mild 2 True
19 5 interruptions + freeze 5 5 Moderate 3 True
20 Normal 0 0 Normal 0 True
21 Normal 0 0 Normal 0 True
22 3 interruptions 3 3 Mild 2 True
23 4 interruptions 4 4 Mild 2 True
24 4 interruptions + freeze 4 4 Moderate 3 True
25 7 interruptions 7 7 Moderate 3 True
26 2 interruptions 2 2 Slight 1 True
27 5 interruptions 5 5 Mild 2 True
28 5 interruptions 5 5 Mild 2 True

Continued on next page
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Table 4.1 – continued from previous page
Test Description Model Output

NPI NCI Severity Score Outcome
29 7 interruption 7 7 Moderate 3 True
30 4 interruptions + freeze 4 4 Moderate 3 True
31 Normal 0 0 Normal 0 True
32 2 interruptions 2 2 Slight 1 True
33 2 interruptions 2 2 Slight 1 True
34 Freq. Dec. Beg. 11 0 Freq.Dec. -2 True
35 Amp. Dec. Mid. 0 0 Amp. Dec. -1 True
36 4 interruptions 4 4 Mild 2 True
37 4 interruptions 4 4 Mild 2 True
38 Freq. Dec. Mid. 9 0 Freq. Dec. -2 True
39 Amp. Dec. Mid. 0 0 Amp. Dec. -1 True
40 9 interruptions 7 0 Freq. Dec. -2 False
41 5 interruptions + freeze 5 5 Moderate 3 True
42 Freq. Dec. End 12 0 Freq. Dec. -2 True
43 Amp. Dec. End 0 0 Amp. Dec. -1 True
44 Severe 2 0 Severe 4 True

Accuracy: 93.18%
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Table 4.2 illustrates the results of the physiotherapists’ tests, where the second
physiotherapist’s evaluations are detailed in the "Description" column.

Table 4.2: Validation Results of the Test Conducted by physiotherapists

Test Description Model Output
NPI NCI Severity Score Outcome

1 2 / 5 interruption 3 0 Freq. Dec. -2 False
2 3 / 7 interruptions 7 7 Moderate 3 True
3 Score 1 4 0 Freq. Dec. -2 False
4 Score 1 1 1 Slight 1 True
5 Score 3 10 10 Moderate 3 True
6 Score 3-4 11 0 Amp. Dec. -1 False
7 Score 2 4 4 Mild 2 True
8 Score 4 4 0 Severe 4 True
9 1 / 1 interruption 0 0 Amp. Dec. -1 False
10 0 / Normal 0 0 Amp. Dec. -1 False
11 2 / 3 interruption 3 3 Mild 2 True
12 3 / 6 interruption 4 4 Mild 2 False
13 2 / 4 interruption 1 1 Slight 1 False

14 3 / 2 interruption +
freeze 1 1 Slight 1 False

15 Score 4 4 0 Severe 4 True
16 0 / Normal 0 0 Normal 0 True
17 2 / 3 interruption 3 3 Mild 2 True
18 1 / 1 interruption 1 1 Slight 1 True
19 2 / Freq. Dec. End 10 0 Amp. Dec -1 False
20 2 / Amp. Dec. End 0 0 Amp. Dec -1 True
21 3/ Freq. Dec. Mid. 3 0 Severe 4 False
22 1 / Freq. Dec. End 9 0 Amp. Dec. -1 False
23 1 / Amp. decrement 2 0 Amp. Dec. -1 True
24 3 / Amp. + Freq. Dec. 2 0 Amp. Dec. -1 True
25 3 / Amp. Dec. End 0 0 Amp. Dec. -1 True
26 4 / Amp. Dec. Beg. 10 0 Amp. Dec. -1 True
27 2 / Amp. + Freq. Dec 1 0 Amp. Dec -1 True
28 3 / Amp. + Freq. Dec 14 0 Amp. Dec -1 True

Accuracy: 60.71%
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In this section, we discuss the challenges encountered and the outcomes achieved
through the various stages of our methodological approach. Furthermore, we provide
practical recommendations and suggestions for future research endeavors.

5.1 Results

As can be seen in table 4.1, the model achieved an accuracy of 93.18%, which is
promising. However, the model is currently unable to analyze combination cases
involving both interruptions and amplitude or frequency decrements. Therefore, all
tests were conducted to focus on either interruption cases or frequency and ampli-
tude decrements only.

As illustrated in table 4.2 the model achieved an accuracy of 60.71% for the test
conducted by physiotherapists. This accuracy is lower than that observed in 4.1.
The significant difference is due to the data collection method. Since the radar
sensor is highly sensitive to movements, and distance, any change in distance or
large body movements can significantly affect the data. Consequently, this impacts
model’s ability to predict the output accurately.

To illustrate, consider one of the incorrect predictions from this test. For instance,
in test 10 from table 4.2, which was classified as normal by the physiotherapists but
as a decrement by the model, the velocity plots (figures 5.1 and 5.2) show a decrease
in velocity during the test period. Additionally, if we look at the moving average
plot of the velocity, figure 5.3, it is evident that the moving average is much lower
towards the end of the test compared to the beginning. This decrease was signifi-
cant enough to be classified as a decrement. This trend is not typical for a normal
classification and is usually observed in cases of frequency or amplitude decrement.
This discrepancy can be attributed to movements or changes in the distance between
the hand and the radar sensor during data collection, leading to a reduction in the
magnitude of the collected data.
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Figure 5.1: Velocity plot- Test 10

Figure 5.2: Velocity Variation- Test 10 Figure 5.3: Moving average - Test 10

5.2 Data Collection
During the data collection phase, we encountered several significant challenges that
influenced the applicability of our model. The first challenge was the way in which
the data was collected. We conducted the data collection ourselves, which intro-
duced a level of standardization and control but also deviated from the variability
present in real-world scenarios involving Parkinson’s disease patients. As a result,
the data collected may not fully capture the complexities and variations observed
in clinical settings, thus limiting the generalizability of our findings. While we at-
tempted to address this limitation by consulting with physiotherapists and sharing
our testing protocols, it remains an important consideration in interpreting the re-
sults.

Another challenge was the limitations of the sensor utilized in our study. The
sensors employed had a threshold for detecting movements, leading to an inability
to capture and measure finger movements with very small amplitudes accurately.
This constraint can potentially affect the accuracy of the measurements.

As discussed in the discussion of results, we encountered challenges related to the po-
sitioning and movement of participants during the finger tapping test. Maintaining
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a consistent distance between the hands and the sensor was essential for obtain-
ing reliable data. However, variations in hand positioning and movements could
introduce variability in the recorded measurements, impacting the consistency and
validity of the results. This is something which will be an issue in the future if mea-
surements are being performed on real patients since hand tremor is very common
for Parkinson’s disease.

Despite these challenges, we endeavored to address them to the best of our ability,
implementing strategies to mitigate their impact on the study outcomes. However,
it is crucial to acknowledge these limitations when interpreting the findings.

5.3 Model Development and Evaluation
Throughout the development of our model, several challenges arose that required
consideration and resolution. One significant challenge was about the definition
and identification of interruptions in the finger tapping tests. Initially, we lacked a
standardized and clearly defined definition of what considered as an interruption.
To address this issue, we started a careful process of data analysis, aiming to es-
tablish specific thresholds based on our collected data. However, defining these
thresholds proved to be a complex and time-consuming task, as there is no uni-
versally accepted definition for the duration of an interruption. The similar issue
was encountered when determining the velocity peak threshold. Firstly there was
a search for a constant velocity peak threshold but after many empirical tests, the
most suitable threshold was determined to be dynamic where it depended on the
given data. Consequently, determining suitable threshold values required extensive
trial and error, consuming significant amount of time and effort.

Another notable challenge emerged when the model exhibited instances of incor-
rectly identifying interruptions, particularly in cases involving frequency and ampli-
tude decrements. This issue is due to the limitations of the threshold values set for
both amplitude and frequency. To mitigate this challenge, we implemented an addi-
tional validation process to validate potential interruptions and verify their validity.
This extra validation step enabled us to distinguish between genuine interruptions
in the dataset and frequency or amplitude decrement.

Continuing, there was also a significant challenge to distinguish frequency slow-
ing and amplitude decrement from each other because of the large variability in
these two parameters. The patterns for frequency and amplitude decrement was
not always unique in the sense that you could easily separate them apart, in com-
parison to interruptions that follows a more deterministic behaviour and thus easier
to detect. Eventually, they could be separated from each other with fairly good
accuracy. Moreover, concerning frequency and amplitude decrements, the model
cannot determine when these decrements commence during the data collection pro-
cess. While the plots indicate the onset of decrements, distinguishing whether they
initiate at the beginning, middle, or end of the collected data remains a challenge for
the model. Nonetheless, visual inspection of the plots can provide insights into the
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timing of decrements, particularly if they occur prominently towards the midway
through the data sequence.

Furthermore, our method’s output score is only derived from one parameter: the
number of interruptions. This contrasts with the comprehensive scoring system pre-
sented in table 2.1, which considers all three parameters. However, the absence of
defined weights for each parameter and the lack of clear guidance on how to com-
bine them into a single score lead to challenges for implementation. As a result, we
were unable to integrate this aspect into our methodology, limiting the assessment
of finger tapping performance.

5.4 Ethics
The ethical aspect in this thesis has a significant part since it will involve interactions
with patients if this method would be applied. Before motor function assessment
of patients can be done, ethical processes are required such that evaluations of
the integrity of the patients can be considered if this method would be applied in
practise. However, in this thesis the privacy of the patients is highly protected
because of the sensor setup that the method utilizes. The method is only using
a radar sensor which means that no pictures/films from cameras will trespassing
the privacy of the patients. This is one of the most significant advantages with
this method since this would mean that the time it takes to deploy this method in
practise, is significantly decreased because of the preserved privacy of the patients.

5.5 Future work
Looking ahead, there’s a great opportunity to make our model even better by using
machine learning techniques. This means we could create a more precise and reliable
tool for analyzing finger tapping tests. However, it’s important to understand that
achieving this improvement requires a lot more data to train the model effectively
since machine learning algorithms rely heavily on data. To develop a strong model,
we need a large and varied dataset that covers a wide range of tapping patterns,
interruptions, and motor variations. Additionally, using machine learning allows us
to explore more advanced analytical methods and algorithms. By using complex
machine learning techniques we can gain deeper insights into tapping behavior and
uncover patterns that traditional methods might miss. Moreover, machine learning
enables us to continually refine and enhance the model over time. As we gather
more data and the model learns from new observations, its accuracy and predictive
power will improve, making it a more valuable tool for clinical assessment.

Additionally, we used a single antenna in the radar sensor to collect data. Fu-
ture research could explore the use of multiple antennas to enhance the sensitivity
and accuracy of the sensor. By utilizing additional antennas, it may be possible
to reduce the sensor’s sensitivity to movements and distance changes, thereby im-
proving data quality and reliability. One may also consider to utilize even more
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frequency bins in order to capture the patterns in the data when distance changes,
between the radar and the hand, are significantly present.
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6
Conclusion

In conclusion, this thesis has provided an investigation of the finger tapping test as
a mean to assess motor function and develop a scoring model for such evaluations.
The developed model exhibits capabilities in detecting interruptions and providing
accurate scores for individual cases, while also identifying frequency and amplitude
decrements with an accuracy rate of 93.18%.
Despite the success achieved, several challenges and limitations were encountered
throughout this research. Issues related to data collection with sensors, sensor sen-
sitivity. However, these challenges have served to reveal key areas for improvement
and future research. It is noteworthy that radar sensors offer a suitable method for
data collection, ensuring patient privacy by only capturing movement data without
recording any visual content. Yet, potential enhancements to these sensors in the
future could lead to even better data quality.
Moreover, the findings in this thesis paved the way for further research in motor
function assessment. By improving sensor technology, utilizing machine learning
algorithm, and addressing current limitations, we can work towards creating a fully
automated model for assessing motor function. Such a model has the potential to
help healthcare teams by providing measurable data for their evaluations.

49



6. Conclusion

50



Bibliography

[1] S. F. Desyansah, M. N. Mohammed, S. Al-Zubaidi, H. Syamsudin, I. Abdullah,
and E. Yusuf, "Bradykinesia Detection System Using IoT Based Health Care
System for Parkinson’s Disease Patient," International Conference on Auto-
matic Control and Intelligent Systems (I2CACIS), Shah Alam, Malaysia, 2021,
pp. 329-333. doi: 10.1109/I2CACIS52118.2021.9495885.

[2] E. R. Dorsey, T. Sherer, M. S. Okun, and B. R. Bloem, "The Emerging Evidence
of the Parkinson Pandemic," Journal of Parkinson’s Disease, vol. 8, no. s1, pp.
S3-S8, Dec. 2018. [Online]. Available: https://doi.org/10.3233/JPD-181474.

[3] Parkinson’s Foundation, "Parkinson’s Disease Statistics," Parkinson’s Foun-
dation. [Online]. Available: https://www.parkinson.org/understanding-
parkinsons/statistics.

[4] S. F. Desyansah, M. N. Mohammed, S. Al-Zubaidi, H. Syamsudin, I. Abdullah
and E. Yusuf, "Bradykinesia Detection System Using IoT Based Health Care
System for Parkinson’s Disease Patient," 2021 IEEE International Conference
on Automatic Control & Intelligent Systems (I2CACIS), Shah Alam, Malaysia,
2021, pp. 329-333, doi: 10.1109/I2CACIS52118.2021.9495885.

[5] L. Tong, D. Liu, M. Zhang and L. Peng, "A Parkinson’s Bradykinesia Recog-
nition System Based on Deep Learning Method," 2022 12th International
Conference on CYBER Technology in Automation, Control, and Intelligent
Systems (CYBER), Baishan, China, 2022, pp. 1005-1008, doi: 10.1109/CY-
BER55403.2022.9907204.

[6] A. Ghosh, N. Anand, P. Kaushik, V. Bagrodia, P. K. Pal and R. Yadav, "IOT
based Sensor System for 24×7 monitoring movement disorder symptoms us-
ing machine learning," 2023 15th International Conference on COMmunication
Systems & NETworkS (COMSNETS), Bangalore, India, 2023, pp. 66-71, doi:
10.1109/COMSNETS56262.2023.10041330.

[7] M. S. Islam, W. Rahman, A. Abdelkader, S. Lee, P. T. Yang, J. L. Purks, J.
L. Adams, R. B. Schneider, E. R. Dorsey, & E. Hoque. (2023). "Using AI to
measure Parkinson’s disease severity at home." npj Digital Medicine, 6(156).
https://doi.org/10.1038/s41746-023-00524-z

[8] E. C. Hirsch. Biochemistry of parkinson’s disease with special reference to the
dopaminergic systems. Molecular neurobiology, 9(1):135–142, 1994.

[9] T. Fonseca. Zebrafish: A new model of parkinson’s disease. Master’s thesis,
Universidade de Lisboa, 2010.

[10] MedlinePlus, "Symptoms of Parkinson disease," MedlinePlus, May 2018. [On-
line]. Available: https://medlineplus.gov/ency/imagepages/19515.htm.

51



Bibliography

[11] S. Ramesh and A. S. P. Molligoda Arachchige, "Depletion of dopamine in
Parkinson’s disease and relevant therapeutic options: A review of the litera-
ture," AIMS Neuroscience, vol. 10, no. 3, pp. 200–231, Aug. 2023. [Online].
Available: doi: 10.3934/Neuroscience.2023017.

[12] P. Voruz, I. M. Constantin, and J. A. Péron, "Biomarkers and non-motor
symptoms as a function of motor symptom asymmetry in early Parkin-
son’s disease," Neuropsychologia, vol. 177, pp. 108419, Dec. 15, 2022.
https://doi.org/10.1016/j.neuropsychologia.2022.108419.

[13] Todorova A, Jenner P, Ray Chaudhuri KNon-motor Parkinson’s: integral to
motor Parkinson’s, yet often neglectedPractical Neurology 2014;14:310-322.

[14] J. Jankovic, "Parkinson’s disease: Clinical features and diagnosis," Journal of
Neurology, Neurosurgery and Psychiatry, vol. 79, pp. 368-376, 2008.

[15] S. Gupta and S. Shukla, "Non-motor symptoms in Parkinson’s dis-
ease: Opening new avenues in treatment," Current Research in Be-
havioral Sciences, vol. 2, pp. 100049, Nov. 2021. [Online]. Available:
https://doi.org/10.1016/j.crbeha.2021.100049

[16] M. M. Kurtis, C. Rodriguez-Blazquez, and P. Martinez-Martin, "Relationship
between sleep disorders and other non-motor symptoms in Parkinson’s disease,"
Parkinsonism and Related Disorders, vol. 19, no. 12, pp. 1152-1155, Dec. 2013.
https://doi.org/10.1016/j.parkreldis.2013.07.026.

[17] A. B. R. Leite Silva et al., "Premotor, Nonmotor and Motor Symptoms of
Parkinson’s Disease: A New Clinical State of the Art," Ageing Res. Rev., vol.
84, pp. 101834, 2023. doi: 10.1016/j.arr.2022.101834.

[18] Parkinson’s Europe, "Tremor," Parkinson’s Europe, Available:
https://www.parkinsonseurope.org/about-parkinsons/symptoms/motor-
symptoms/tremor/.

[19] "Diagnosis of Parkinson’s Disease Slide Show," You and Parkinson’s, Avail-
able: https://www.youandparkinsons.com/en-pk/view/m201-s02-diagnosis-of-
parkinsons-disease-slide-show.

[20] E. Broussolle, P. Krack, S. Thobois, J. Xie-Brustolin, P. Pollak, and C. G.
Goetz, "Contribution of Jules Froment to the study of Parkinsonian rigidity,"
Movement Disorders, vol. 22, no. 9, pp. 1235-1241, Sep. 2007. [Online]. Avail-
able: https://doi.org/10.1002/mds.21484.

[21] L. di Biase, A. Di Santo, M. L. Caminiti, A. De Liso, S. A. Shah, L. Ricci, and V.
D. Lazzaro, "Gait Analysis in Parkinson’s Disease: An Overview of the Most Ac-
curate Markers for Diagnosis and Symptoms Monitoring," Sensors, vol. 20, no.
12, p. 3529, Jun. 2020. [Online]. Available: https://doi.org/10.3390/s20123529

[22] S. D. Kim, N. E. Allen, C. G. Canning, and V. S. C. Fung, "Postural Instabil-
ity in Patients with Parkinson’s Disease: Epidemiology, Pathophysiology, and
Management," CNS Drugs, vol. 27, pp. 97–112, Oct. 2012.

[23] B. Palakurthi and S. P. Burugupally, "Postural Instability in Parkinson’s Dis-
ease: A Review," Brain Sci., vol. 9, no. 9, p. 239, Sep. 2019.

[24] A. Ma, K. K. Lau, D. Thyagarajan, "Voice changes in Parkinson’s disease:
What are they telling us?," J. Clin. Neurosci., vol. 72, pp. 1-7, 2020, doi:
10.1016/j.jocn.2019.12.029.

52



Bibliography

[25] L. Marsili, G. Rizzo, and C. Colosimo, "Diagnostic Criteria for Parkin-
son’s Disease: From James Parkinson to the Concept of Prodromal Dis-
ease," Front. Neurol., vol. 9, p. 156, Mar. 2018. [Online]. Available:
https://doi.org/10.3389/fneur.2018.00156.

[26] A. Brindha, K. A. Sunitha, B. Venkatraman, M. Menaka, and S. P. Arjunan,
"Diagnosis of Parkinson Disease: Imaging and Non-Imaging Techniques," in
Techniques for Assessment of Parkinsonism for Diagnosis and Rehabilitation,
S. P. Arjunan and D. K. Kumar, Eds. Singapore: Springer, 2022, pp. 73-88.
doi: 10.1007/978-981-16-3056-9_5.

[27] S. Ramesh and A. Perera Molligoda Arachchige, "Depletion of dopamine in
Parkinson’s disease and relevant therapeutic options: A review of the lit-
erature," AIMS Neurosci., vol. 10, pp. 200-231, 2023, doi: 10.3934/Neuro-
science.2023017.

[28] B. S. Connolly and A. E. Lang, "Pharmacological Treatment of Parkinson
Disease: A Review," JAMA, vol. 311, no. 16, pp. 1670-1683, Apr. 2014. doi:
10.1001/jama.2014.3654.

[29] PD MED Collaborative Group, "Long-term Effectiveness of Dopamine Ago-
nists and Monoamine Oxidase B Inhibitors Compared with Levodopa as Initial
Treatment for Parkinson’s Disease (PD MED): A Large, Open-label, Pragmatic
Randomized Trial," Lancet, vol. 384, no. 9949, pp. 1196-1205, Sep. 27, 2014.
doi: 10.1016/S0140-6736(14)60683-8.

[30] K. L. Chou et al., "The Spectrum of ’Off’ in Parkinson’s Disease: What Have
We Learned Over 40 Years?," Parkinsonism Relat. Disord., vol. 51, pp. 9-16,
Jun. 2018. doi: 10.1016/j.parkreldis.2018.02.001.

[31] Jeon, H., Jung, Y., Lee, S., & Jung, Y. (2020). "Area-Efficient Short-Time
Fourier Transform Processor for Time–Frequency Analysis of Non-Stationary
Signals." IEEE Transactions on Circuits and Systems I: Regular Papers, 67(10),
4015–4025. Available: https://doi.org/10.1109/TCSI.2020.3014691

[32] Texas Instruments. (n.d.). mmWave Sensing: FMCW
Radar for Industrial Applications. [Online]. Avail-
able: https://www.ti.com/content/dam/videos/external-
videos/2/3816841626001/5415528961001.mp4/subassets/mmwaveSensing-
FMCW-offlineviewing_0.pdf

[33] House of Math. "What is the Norm and the Argument of a Com-
plex Number?" House of Math. Accessed: [2024/03/13]. [Online].
Available: https://www.houseofmath.com/encyclopedia/numbers-and-
quantities/numbers/complex-numbers/introduction/what-is-the-norm-and-
the-argument-of-a-complex-number

[34] NTi Audio. "Fast Fourier Transform (FFT)." NTi Audio. Ac-
cessed: [2024/03/15]. [Online]. Available: https://www.nti-
audio.com/en/support/know-how/fast-fourier-transform-fft

[35] T. Giannakopoulos and A. Pikrakis, "Chapter 3 - Signal Transforms
and Filtering Essentials," in Introduction to Audio Analysis, T. Gi-
annakopoulos and A. Pikrakis, Eds. Oxford: Academic Press, 2014,
pp. 33-57. DOI: 10.1016/B978-0-08-099388-1.00003-0. [Online]. Available:
https://www.sciencedirect.com/science/article/pii/B9780080993881000030

53



Bibliography

[36] S. Williams, D. Wong, J. E. Alty, and S. D. Relton, "Parkinsonian Hand or
Clinician’s Eye? Finger Tap Bradykinesia Interrater Reliability for 21 Move-
ment Disorder Experts," J Parkinsons Dis., vol. 13, no. 4, pp. 525–536, Jun.
2023. doi: 10.3233/JPD-223256.

[37] Z. Zhao et al., "Time series clustering to examine presence of decrement in
Parkinson’s fingertapping bradykinesia," in Proceedings of the 42nd Annual
International Conference of the IEEE Engineering in Medicine and Biology
Society (EMBC), July 2020, pp. 1-4, doi: 10.1109/EMBC44109.2020.9175638

54



A
Appendix

I



DEPARTMENT OF ELECTRICAL ENGINEERING
CHALMERS UNIVERSITY OF TECHNOLOGY
Gothenburg, Sweden
www.chalmers.se

www.chalmers.se

	List of Acronyms
	List of Figures
	List of Tables
	Introduction
	State of Art
	Aim

	Theory
	Parkinson Disease
	PD Symptoms
	Non-Motor Symptoms
	Motor Symptoms

	PD Diagnosis
	Motor Function Assessment
	Finger Tapping

	PD Treatment

	Frequency Modulated Continuous Wave Radar
	Fourier Transform
	Discrete Fourier Transform
	Short Time Fourier Transform

	FMCW Radar Theory
	Generating Range Profile
	Detection of Small Movements with Varying Frequencies


	Methodology
	Radar Settings
	Data Collection
	Finger Tapping Quantification Algorithm
	Signal Processing
	Extraction of Patterns in the Data

	Validation of the Accuracy of the FTQA

	Results
	Outputs from the FTQA in Different Cases
	Normal Motor Performance without any Issues
	Two Interruptions
	Four Interruptions
	Five Interruptions Including One Freezing
	Slight Slowing
	Mild Slowing
	Moderate Slowing
	Amplitude Decrements Near the Middle of the Test
	Amplitude Decrements Near the Beginning of the Test
	Severe

	Accuracy of the FTQA

	Discussion
	Results
	Data Collection
	Model Development and Evaluation
	Ethics
	Future work

	Conclusion
	Bibliography
	Appendix

