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Abstract

Accurate and scalable assessment of Parkinson’s dis-
ease (PD) remains challenging due to strict data
collection requirements and reliance on specialized
equipment. We propose FEATHER, a low-restriction
and cost-effective multi-distance data collection pro-
tocol designed for real-world PD assessment in home
and resource-limited settings. Based on this pro-
tocol, we curate a open-access FEATHER dataset
of 242 finger-tapping videos from 35 clinically di-
agnosed PD patients, recorded at distances from 30
cm to 500 cm using consumer smartphones. Using a
hand detection and pose estimation pipeline, we ex-
tract kinematic features for automated score, Move-
ment Disorder Society - Unified Parkinson’s Disease
Rating Scale (MDS-UPDRS or UPDRS), prediction
and severity classification. Experiments show that
recordings at 200 cm achieve the best performance.
Our results demonstrate the feasibility of low-barrier,
distance-aware PD assessment and support the devel-
opment of accessible, real-world monitoring systems.

∗Corresponding authors: Wei Sun and Lin Shi

1 Introduction

Parkinson’s disease (PD) is currently considered in-
curable. However, through different intervention ap-
proaches, patients’ quality of life can be improved[45].
To accurately assess a patient’s current status and
provide objective evidence to facilitate clinical inter-
vention, an accurate PD detection system is essential.
This allows physicians to adjust treatment and care
plans in a timely manner, thereby achieving precision
medicine.

To implement the accurate PD detection system
in real-world, two key elements are required: al-
gorithm and data. For algorithm, there are ma-
jor amount of studies focus on techniques, includ-
ing better pre-processing (processing before pose
estimation)[35], post-processing (processing after
pose estimation)[36], and classifiers[40]. However,
fewer studies focus on data and typically use sophis-
ticated collection protocol to curated dataset so that
people may not imitate PD data collection method,
which limit the capability to enlarge the PD data
source and to realize the democratization of data.
Therefore, a low restriction data collection protocol is
highly demanding. To design a better way to collect
data, there are three key factors: supplies, personnel,
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and funding.
For supplies, researchers develop or utilize different

kinds of devices to collect patients’ data. Wearable
devices[46] may collect relative accurate data for PD
detection, but they have long faced issues with pa-
tient comfort, which makes them be unsuitable for
long-term use. In contrast, among wireless solutions,
visual approaches are widely employed in PD detec-
tion due to the maturity of image processing tech-
nologies. Various computational models have been
developed to extract hand landmarks automatically.
To improve the accuracy of PD assessment, numer-
ous vision-based solutions have been proposed, and
increasingly sophisticated data acquisition methods
have been adopted[29, 48, 20].
However, previous studies have paid limited atten-

tion to real-world scenarios. A previous study[24] in-
vestigated background noise, but they find that there
is these noise may not make fundamental change
to the pose estimation. In pose estimation tasks,
camera-to-subject distance is a critical factor affect-
ing detection performance [6]. Study, however, may
just overlook the factor[27], or less concern on this
factor[53]. Although extensive preprocessing is com-
monly applied in PD detection pipelines, few studies
have systematically examined these practical factors
to the best of our knowledge.
For funding, current high accuracy approaches may

enhance accuracy, but they also introduce substantial
challenges for everyday use at home and in hospi-
tals located in low-income regions, where financial re-
sources are limited. The equipment required by these
methods is often prohibitively expensive and techni-
cally demanding, making it inaccessible for many low-
income households. Moreover, accessing and manag-
ing data from these devices can be difficult for ordi-
nary families, particularly elderly users.
For personnel, patients are typically required to

follow strict experimental protocols under special-
ist supervision, which limits scalability and makes
large-scale deployment impractical[12]. Besides, dur-
ing data collection, interpersonal distance may vary
depending on social and contextual factors. Inap-
propriate social distance may cause discomfort and
negatively affect interpersonal interactions[37].
In response to these problems, we introduce a data

collect protocol called FEATHER, designed to help
to collect PD data in a more cost-effective and low re-
striction and accessible manner. The protocol lowers
the requirements for data acquisition equipment and
reduces the constraints on collection sites, while also
relaxing the restrictions on the postures of patients.
This method can be applied at home and can also be
used in hospitals that lack AI equipment or funding
from medical technology companies to collect data
easily and conveniently.
Based on this protocol, we curate a open-access

FEATHER dataset. The dataset includes recordings
of 35 PD patients at different camera-to-subject dis-
tances (30, 50, 80, 100, 200, 300, and 500 centime-
ters), resulting in a total of 242 videos.
Using the curated dataset, we investigate the ef-

fect of camera-to-object distance derived from prox-
emics and post-processing strategies on hand land-
mark detection performance based on Movement Dis-
order Society - Unified Parkinson’s Disease Rating
Scale (MDS-UPDRS or UPDRS) and two different
kinds of PD severity.
In this paper, our contributions are as follows:

1. We present a benchmark dataset that reflects
real-world ward scenarios.

2. We introduce a low-cost and accessible PD data
collection protocol.

3. We explore the feasibility of curating a dataset
by following a low restriction protocol.

In addition, we analyze key issues and potential
sources of bias within the dataset to support the
development of portable and high-performance tech-
niques for PD assessment.

2 Related Work

2.1 PD Visual Data Collection De-

vices and protocol For Tapping

Test

Many studies have collected visual data using differ-
ent types of devices, which can generally be catego-
rized into consumer-level cameras and professional-
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grade cameras. Several studies have utilized con-
sumer cameras embedded in smartphones or tablets
[41, 1, 51]. Others have employed consumer-grade
video cameras such as the Sony HDR-CX47 [14] or
the SONY-FDR-AX100E RGB camera [18]. In con-
trast, professional acquisition systems are also widely
used. For example, some studies adopt motion cap-
ture systems to minimize inter-frame spatial incon-
sistencies and improve tracking precision [28]. Oth-
ers rely on 3D depth cameras to obtain richer spa-
tial information [24, 20]. However, datasets collected
using professional cameras—often containing depth
information and requiring more complex modeling
pipelines—do not necessarily demonstrate substan-
tial performance improvements compared to those
collected with consumer-level cameras. Prior re-
search suggests that, compared to hardware or tech-
nical enhancements, increasing dataset size tends
to contribute more significantly to improvements in
model accuracy [22, 49].
Most video collection protocols require participants

to sit in front of one or more cameras and per-
form repetitive finger tapping movements [24, 20, 29].
In some settings, participants are additionally in-
structed to lift their forearm to a specific angle to
standardize the recording posture [52]. Selecting a
clear and unobstructed camera perspective is essen-
tial to ensure high video quality and reliable feature
extraction [55]. Typically, participants are seated on
a chair or positioned at a fixed standing location, with
the distance between the camera and the hand kept
approximately consistent across individuals. Some
studies further specify an exact distance between the
camera and the chair or standing position to maintain
standardized acquisition conditions [29].

2.2 Proxemics

Proxemics describes how individuals regulate phys-
ical distance in different social contexts [21]. In
human–computer interaction (HCI), proxemics has
been formalized into four key dimensions to charac-
terize spatial relationships between people and inter-
active systems [19]. Although proxemic behavior may
vary across cultures and scenarios, interpersonal dis-
tance is commonly categorized into distinct spatial

zones: the intimate zone (less than approximately
0.5 m), the personal zone (0.5–1.2 m), the social zone
(1.2–3.6 m), and the public zone (3.6–7.6 m) [21, 19].
Proxemics has been applied across various domains.
For example, in HCI systems, as a person or mobile
device gradually approaches a large display, desktop,
or other interactive device, the system can progres-
sively enhance connectivity and interaction capabili-
ties [19]. In robotics, proxemics is incorporated into
navigation and motion-planning strategies to mini-
mize invasion of personal space, thereby improving
human–robot interaction (HRI) experiences [8].

2.3 Distance in Pose Estimation

The top-down framework is a widely adopted and rel-
atively mature paradigm in pose estimation. This
approach decomposes the task into two sequential
stages: object detection followed by landmark (key-
point) localization. In the object detection stage, ob-
jects at different scales contribute unequally to gra-
dient updates during training, which can make the
model difficult to optimize and hinder effective tar-
get learning [43]. Moreover, in real-world scenar-
ios, the performance of generic object detection sys-
tems often degrades when (i) objects are partially
occluded, (ii) images are captured under low-light
conditions, or (iii) objects are visually merged with
background clutter [47]. During the landmark detec-
tion stage, long-distance capture results in reduced
spatial resolution of the target region, which in turn
degrades keypoint localization accuracy [7, 54]. In
addition, the scale and resolution of the target object
significantly influence pose estimation performance,
as smaller object representations typically lead to re-
duced prediction accuracy [25].

2.4 Dataset

PD datasets can generally be divided into two
categories: UPDRS–based datasets and non-
UPDRS–based datasets. Non–UPDRS datasets rely
on alternative biomarkers such as brain MRI [38, 50],
EEG signals [4], and speech recordings [34]. Al-
though these modalities may achieve high diagnos-
tic accuracy, they often require specialized equipment
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and controlled environments, limiting scalability and
accessibility. In contrast, UPDRS–based datasets
align directly with clinical evaluation criteria and in-
clude tasks such as handwriting [23], gait assessment
[17], and facial expression analysis [57]. Because the
UPDRS is efficient, cost-effective, and clinically val-
idated, it is widely regarded as the gold standard
in PD assessment. However, many existing datasets
lack detailed documentation of recording conditions
and contextual factors, making reproducibility and
cross-setting validation difficult. Moreover, restricted
access to raw data limits independent verification and
slows community progress. Improving transparency
and standardization is therefore essential for advanc-
ing PD research.

3 FEATHER dataset

3.1 Motivation

Currently, most advanced diagnostic devices are con-
centrated in top-tier hospitals, where experienced
specialists are available. Even without assistive sys-
tems, these physicians are more likely to identify PD
based on their extensive clinical experience. How-
ever, in lower-tier cities, doctors may have limited
experience diagnosing relatively uncommon diseases
such as PD. In the early stage of PD, both patients
and physicians may fail to recognize the symptoms
as PD-related [42], and many hospitals may not have
sufficient funding to purchase high-cost equipment.
Low-barrier, adaptive, and affordable devices could
therefore better support PD diagnosis and manage-
ment.

As PD is a long-term disease, patients are primar-
ily responsible for ongoing self-management. Conve-
nient and portable devices could help them monitor
disease progression and decide whether to seek medi-
cal attention or remain at home. Since most patients
with PD are elderly and may find it difficult to learn
complex systems, reducing operational barriers and
designing user-friendly devices is essential.

Given that the majority of individuals affected by
PD are older adults [33], many require assistance
from family members or home care providers. Differ-

ent caregivers imply different interpersonal relation-
ships and social distances, and users may have vary-
ing needs. Some patients may use PD detection de-
vices independently, while others require assistance.
Some may prioritize faster detection and improved ef-
ficiency. Therefore, it is important to verify whether
PD can be reliably detected within safe interpersonal
distance ranges. Proxemics should thus be considered
in system development.

3.2 Basic Information

The FEATHER dataset was collected from 35 par-
ticipants. All patients were clinically diagnosed with
PD, ranging from early to advanced stages. For each
participant, eight videos were recorded at different
distances: 30 cm (intimate distance, far phase), 50
cm (personal distance, close phase), 80 cm (personal
distance, far phase), 100 cm (personal distance, far
phase), 200 cm (social distance, close phase), 300 cm
(social distance, far phase), and 500 cm (public dis-
tance, close phase). The intimate–far phase (30 cm)
was too close to clearly capture the thumb tip, and
the public–far phase was beyond typical room con-
straints; therefore, these two distances were not con-
sidered. Three participants did not complete the 500
cm recordings due to fatigue. In total, 242 videos
were collected.
The videos mainly include three types of finger pos-

tures: “palm,” “pinch,” and an “intermediate” state,
as shown in Fig. 1.

3.3 Collection protocol

In our protocol, videos were recorded by individu-
als without prior knowledge of object detection or
landmark estimation. Each video captured a finger-
tapping test performed with either the left or right
hand.
To measure distance, we used a laser rangefinder

aligned with the smartphone camera at the same hor-
izontal level. The device was activated to display the
measured value, and the position was adjusted until
the target distance was reached.
Participants were allowed to choose any comfort-

able position, such as sitting on a bed or chair, or
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Figure 1: Four example of three hand postures recorded without professional medical supervision. Authors
have obtained consent to publish the images of the participants.

lying down. Their hands were not required to main-
tain a strictly fixed posture relative to the camera;
the only requirement was that the hand faced toward
the camera.

As most participants were elderly and potentially
sensitive to physical exertion, we asked about their
condition before each recording and monitored them
during the session, as shown in Fig. 2. If a partici-
pant reported fatigue, we paused the recording and
extended the interval between sessions. If the partic-
ipant was unable to continue, recording was stopped
for that day.

3.4 Collection Devices

To ensure accessibility and practicality, we used
smartphones for video recording, as they are widely
available and commonly used in daily life. The de-
vices used were an iPhone 13 (30 fps) and a Huawei
Mate 60 (30 fps). Since most users do not adjust
camera settings, all recordings were captured using
the default intrinsic and extrinsic parameters. No
additional calibration or manual adjustments were
applied, in order to simulate typical real-world us-
age. As a result, video resolutions varied from 1720
× 820 to 3840 × 2160 pixels. Distance was measured
using a Nohawk laser rangefinder (model NEV), with
a valid measurement range of up to 120 meters, man-

ufactured in Tianjin, China.

3.5 Rating

For this study, we recruited four clinical neurologists
with over 10 years of experience in neuroscience and
one undergraduate student majoring in neuroscience
(four experts and one student). These evaluators re-
viewed the video recordings and scored each subject
according to the UPDRS guidelines. All participants
had been clinically diagnosed with PD. Some patients
received a score of 0 under UPDRS due to surgical in-
tervention or relatively mild baseline symptoms. Af-
ter scoring, we derived the “gold-standard” UPDRS
labels using majority voting among the clinicians, fol-
lowing prior work [24]. Since PD is not curable, we
further grouped scores 0 and 1 as mild symptoms,
and scores 2 and 3 as severe symptoms for analysis.

3.6 Data Annotation

For the object detection labeling task, we followed
these principles:

1. If part of the hand was outside the frame, we
annotated as much of the visible hand region as
possible.

2. We ensured that the gap between the thumb and
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Figure 2: This figure presents an overview of the FEATHER protocol. The first row shows patients in
different positions during recording. In the second row, the left image illustrates the landmark detection
results, the middle image shows the data collection protocol, and the right image presents the scoring process.
The third row displays videos of the same participant recorded at different distances. Authors have obtained
consent to publish the images of the participants.
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Figure 3: This is the overview of pipeline from post estimation to classifier selection. Authors have obtained
consent to publish the images of the participants.

the index finger was sufficiently large, but not ex-
cessively so. The region near the thumb was kept
compact to reduce distraction from irrelevant ar-
eas, while preserving tolerance for localization
errors between the thumb and index finger.

3. To ensure annotation quality, although many
teams only sample and review part of the an-
notations due to labor constraints, in our study
one person annotated each video and another re-
viewer checked all frames. Annotations were ex-
amined one by one to maintain quality.

To improve labeling efficiency, we randomly se-
lected one representative frame for annotation and
propagated the bounding box to the remaining
frames, since the hand position was relatively stable.
This strategy reduced the annotation time per video
from approximately one hour to about forty minutes.

4 Methods

All the processing we did are included in Fig. 3. This
study was conducted at Beijing Tiantan Hospital be-
tween September 2024 and July 2025. The study
was conducted in accordance with the Declaration
of Helsinki. The study protocol was approved by the
Institutional Review Board of Beijing Tiantan Hospi-
tal (KY2024-004-01). Written informed consent was
obtained from all participants.

4.1 Pose Estimation

We utilized the FEATHER dataset to implement au-
tomated UPDRS scoring models for finger tapping.
For pose estimation, we adopted YOLOv5 (yolov5 s-
v61 syncbn fast 8xb16-300e coco) [26], implemented
via MMYOLO [10], and DarkPose [56], implemented
via MMPose [9]. YOLOv5 was used to localize the
single hand, and DarkPose generated hand land-
marks based on the detected bounding box. Since the
hand scale in our dataset differs from the COCO pre-
training dataset, especially at farther distances, the
pretrained detector could not reliably localize hands.
Therefore, we fine-tuned the YOLOv5 model for our
data.

We extracted video frames as images and anno-
tated approximately 20,000 images (about one-third
of the total frames) using Labelme. The annotation
procedure is described in the Data Annotation sec-
tion. After labeling, we trained YOLOv5 using its de-
fault configuration without modifying hyperparame-
ters. The trained detector was then integrated into
MMPose, where the pretrained pose model and cor-
responding configuration were used to generate hand
landmark sequences over time.

4.2 Signal Generation and Postpro-

cessing of Landmark Detection

After obtaining the hand landmarks, we reviewed the
localization results. To filter incorrect detections,
we randomly sampled frames to verify whether the
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Table 1: Pairwise weighted Kappa
Clinician 1 Clinician 2 Clinician 3 Clinician 4 Clinician 5

Clinician 1 1 0.767 0.899 0.746 0.834
Clinician 2 - 1 0.835 0.935 0.882
Clinician 3 - - 1 0.869 0.819
Clinician 4 - - - 1 0.854
Clinician 5 - - - - 1

model accurately localized the target hand. We found
that Person 4 500cm, qhx 500cm, and qhx 300cm
showed localization errors significantly beyond our
acceptable standard. Therefore, these three videos
were excluded from further analysis. In general, two
types of signals can be derived: the distance be-
tween the thumb tip and index tip [32], and the angle
formed by the thumb tip and index tip [24].

Based on the generated signals (described in the
next subsection), we clustered the signal into differ-
ent groups. For each cluster, the mean value of the
original angle signal was calculated, and the three
clusters with the highest mean values were selected
as a high-confidence set. If a data point lay between
two neighboring points whose cluster labels both be-
longed to this high-confidence set, its value was re-
placed by the average of the two neighbors, perform-
ing interpolation-based correction.

4.3 Feature for the Tapping Test

To assess the utility of our dataset and establish
benchmarks for future studies, we trained classifiers
to distinguish early stage PD and heavy stage PD and
predict UPDRS score from different distance, using
spatiotemporal kinematic features extracted from 2D
pose sequences. We designed our feature set to en-
able accurate classification for the different distance,
but also include clinical variables that are commonly
utilized when scoring UPDRS manually.

Finger tapping test is to reflect the Dexterity,
speed, and motor coordination[44, 16] of patients. To
demonstrate these characters, we firstly generate tap-
ping signal. There are normally to way to generate
the signal. The first one is to measure the angle be-

tween thumb and index fingertip, we computed it as:

θ = arccos

(

B⃗A · B⃗C

∥B⃗A∥2 ∥B⃗C∥2

)

, where A is the index tip coordinate, B is thumb
tip coordinate, C is wrist coordinate. The second
way is to measure the distance measure the distance
between thumb and index fingertip, we computed it
as:

d(A,B) =
√

(xA − xB)2 + (yA − yB)2

, where A is the index tip coordinate, B is thumb tip
coordinate. To detect the features related to the tap-
ping period, we may regard maximum open status to
count tapping period, as we find that open status are
more likely to be detected by the landmark detection
model. Between the two signal generation methods,
we selected the better-performing approach.
Given selected signal, after the postprocessing pro-

cess as we mentioned, we first computed features
unrelated to the tapping period, namely speed and
acceleration. These features characterize continuous
motion patterns, and finger speed is considered a crit-
ical indicator. Next, we detected signal peaks, which
represent the maximum opening during each tapping
cycle. Using these peaks, we derived period, fre-
quency, amplitude, and amplitude decrement, which
together reflect core motor manifestations of PD. For
each feature, we calculated seven summary statis-
tics: arithmetic mean, minimum, maximum, me-
dian, interquartile range (IQR), standard deviation,
and Shannon entropy. Prior studies have shown
that these features are effective for differentiating PD
severity levels and are closely related to key clin-
ical evaluation metrics.[24, 52, 44, 2]. To further
characterize patient behavior, we included additional
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features: number of peaks, aperiodicity, maximum
freeze duration, normalized number of interruptions,
and normalized number of freezes, resulting in six
supplementary features. These features enrich the
feature set and provide more information for the clas-
sifier during the classification stage. In total, 50 fea-
tures were extracted for the finger-tapping test.

5 Result

5.1 Clinical Agreement

In our study, to assess the consistency of UPDRS
scores evaluated by four experts and one student,
we calculated the Intraclass Correlation Coefficient
(ICC) and weighted Cohen’s Kappa. UPDRS scores
were assigned based on the 70 cm distance videos.
The ICC for the mean UPDRS score across the full
cohort was 0.96 (95% CI [0.94, 0.98]), indicating ex-
cellent agreement among raters. Pairwise weighted
Kappa was further used to evaluate agreement be-
tween individual raters. The results are presented in
Table 1.

5.2 Signal Generation Method

As discussed previously, two types of signals were
generated. To determine the more effective approach,
we compared their overall average classification ac-
curacy. The model based on angle signals achieved
an accuracy of 63.50%, whereas the distance-based
signal achieved 51.16%. A key difference is that an-
gle features are inherently normalized, while distance
features are not. Distance measurements are more
sensitive to camera distance and pixel resolution, in-
troducing additional variability and uncertainty into
the classifier. Therefore, we selected the angle-based
signal for subsequent analysis.

5.3 Index Finger Tapping

Finger tapping analyses revealed a stable periodic
pattern across all participants, while showing inter-
subject variability in tapping frequency and ampli-
tude. We removed features that were dominated by
the same value in more than 80% of samples, which

has 6 features. After that we have 44 features for
tapping test: median of speed, median of accelera-
tion, qrange of speed, qrange of acceleration, mean of
speed, mean of acceleration, min of speed, min of ac-
celeration, max of speed, max of acceleration, stdev of
speed, stdev of acceleration, median of period, qrange
of period, mean of period, max of period, stdev of pe-
riod, entropy of period, median of frequency, qrange
of frequency, mean of frequency, min of frequency,
stdev of frequency, entropy of frequency, lr slope of
frequency, lr fitness r2 of frequency, median of ampli-
tude, qrange of amplitude, mean of amplitude, min
of amplitude, max of amplitude, stdev of amplitude,
entropy of amplitude, decrement fitness r2 of ampli-
tude, decrement slope of amplitude, decrement end
to mean of amplitude, decrement last to first half of
amplitude, number of peaks, aperiodicity, max freeze
duration, number of interruptions normalized, num-
ber of freeze normalized, period variance normalized.

Table 2: Performance of evaluating UPDRS Score on
Overall Dataset

Average
Acc

Average
F1

Max Acc /
COR F1

LightGBM 61.18% 0.588
77.08% /
0.789

MLP 51.15% 0.461
62.50% /
0.669

Random
Forest

62.81% 0.583
77.08 % /
0.744

FT-
Transformer

49.03% 0.458
62.50% /
0.652

Catboost 65.52% 0.616
79.17% /
0.792

5.4 UPDRS prediction task and Mild

V.S. Severe prediction task

As mentioned in the previous sections, to compare
classifier performance on the overall dataset, we eval-
uated several existing classifiers on two tasks: (1)
predicting UPDRS scores from the tapping test, and
(2) distinguishing between mild and severe symp-
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Table 3: Performance of evaluating UPDRS Score on Different Distance
30cm 50cm 80cm 100cm 200cm 300cm 500cm

LightGBM 63.80% 55.26% 64.45% 62.68% 74.06% 61.79% 44.95%
MLP 50.00% 43.78% 50.47% 55.02% 62.34% 58.06% 37.77%

Random
Forest

67.42% 54.78% 60.19% 69.38% 77.06% 64.27% 45.21%

FT-
Transformer

50.23% 37.08% 54.98% 54.07% 62.59% 45.91% 37.50%

Catboost 68.33% 56.94% 60.19% 71.29% 81.05% 69.23% 50.80%

tom groups. Since our features are tabular and dis-
crete, some neural network architectures designed
for continuous image data may not be suitable.
However, as neural network classifier has shown
good performance[29], we additionally experimented
with TabTransformer, a neural network architecture
specifically designed for tabular data.

UPDRS Prediction Task on Overall Dataset.

To obtain stable estimates, we used 60 different ran-
dom seeds to split the training and test sets, given the
relatively small dataset. We report the mean accu-
racy and F1 score across all runs, and also present
the maximum accuracy with its corresponding F1
score to illustrate the potential capability of each
classifier (Table 2). The splitting was performed
at the subject level (each video corresponds to one
subject). CatBoost achieved the best overall perfor-
mance (65.52% average accuracy and 0.616 average
F1), with a maximum accuracy of 79.17%. Boosting-
based models consistently outperformed others, while
MLP—despite showing potential—performed less fa-
vorably here. Neural networks may not be well suited
to small datasets or may lack sufficient inductive bias
for this feature space. In general, neural networks are
more commonly applied to raw signals [31] rather
than tabular data [30]. In our results, MLP and
FTTransformer performed worse than the boosting
models.

UPDRS Prediction on Different Distances.

As there were at most 35 videos per distance, we did
not train separate classifiers for each distance. In-
stead, we trained on the combined dataset and eval-
uated prediction correctness per distance in the test
set across 60 seeds. For each seed, we calculated the

prediction accuracy under each distance separately.
We then averaged the accuracies across all 60 seeds to
obtain the final performance for each distance. (Ta-
ble 3). CatBoost performed best at most distances,
except at 80 cm. The highest accuracy was observed
at 200 cm (81.05%). At 500 cm, performance de-
creased noticeably (>9%). Neural network models
consistently underperformed compared to boosting
models across distances (>5% gap).

Mild V.S. Severe Prediction Task on Overall

Dataset. We applied the same evaluation protocol
as in the UPDRS prediction task, except that labels
were grouped into mild and severe categories as de-
scribed in the rating section. As shown in Table 4,
CatBoost achieved the best average accuracy. Neural
network models performed relatively lower, although
their results showed gradual improvement. Light-
GBM obtained the highest average F1 score, while
CatBoost showed a noticeable gap (>0.1). For max-
imum accuracy, CatBoost achieved the highest value
along with the corresponding F1 score. Overall, the
performance trend was consistent with that observed
in the UPDRS prediction task.

Mild V.S. Severe Prediction on Different

Distances. The evaluation procedure was the
same as in the previous paragraph. As shown in
Table 5, CatBoost achieved the best performance
at most distances, except at 200 cm. At 200 cm,
CatBoost (83.66%) was 2.97% lower than LightGBM
(86.63%). Compared to the UPDRS task, most clas-
sifiers showed improved accuracy across distances.

To further analyze the relationship between camera
distance and prediction accuracy, we compared the
distribution of hand sizes in our dataset at different
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distances with that of the COCO WholeBody hand
dataset used for MMPose pretraining. We employed
Wasserstein distance and Jensen–Shannon (JS) di-
vergence to quantify distribution similarity. Pairwise
comparisons showed that the hand size distribution
at 200 cm was most similar to COCO (Table 6).
The 100 cm and 300 cm distances also ranked rela-
tively high and corresponded to better classifier per-
formance. Although the 500 cm distribution was rel-
atively similar to COCO, the absolute hand size was
much smaller. We speculate that after multiple con-
volutional layers, fine-grained hand features at 500
cm may diminish, making accurate localization and
estimation more difficult.

Table 4: Performance of mild vs severe symptom on
Overall Dataset

Average
Acc

Average
F1

Max Acc /
COR F1

LightGBM 72.92% 0.669
85.42% /
0.820

MLP 64.76% 0.553
75.00% /
0.709

Random
Forest

69.27% 0.56.32
79.17 % /
0.705

FT-
Transformer

63.54% 0.55.67
79.17% /
0.778

Catboost 75.24% 0.664
87.50% /
0.849

5.5 Ablation Study

To demonstrate the effect of the Postprocessing of
landmark detection methods, we conduct an ablation
study to compare accuracy between with the methods
and without the methods. We selected CatBoost, the
best-performing classifier, to evaluate the effect for
the UPDRS score prediction task and severity clas-
sification(mild vs. severe ) prediction task. We may
use average accuracy here. Table 7 shows the results
that steps in the appropriate postprocessing we used
may improve the overall accuracy, but the improve-
ment is limited due to the upstream task results.

6 Discussion

Here, we present the FEATHER PD data collection
protocol, a curated multi-distance dataset, and base-
line models for multi-distance UPDRS symptom scor-
ing and mild-versus-severe classification.
The FEATHER protocol promotes the democra-

tization of data[11] by leveraging widely accessible
recording devices and a low-restriction collection pro-
cedure. By reducing dependence on professional
supervisors and minimizing preparation complexity,
FEATHER substantially lowers both economic and
operational costs. Compared with traditional, highly
standardized clinical protocols, FEATHER relaxes
strict environmental and procedural constraints, en-
abling non-professionals to collect usable PD assess-
ment data. This design reduces barriers to large-scale
data acquisition and broadens the potential data
source population. Despite the simplified protocol,
the performance of UPDRS score prediction and PD
severity classification remains at an acceptable level
when compared with existing finger-tapping-based
PD assessment studies 51.94%(multi-class classifica-
tion) [24], 80% (binary classification)[55], 80.95%(bi-
nary classification)[3].

Based on this protocol, we curated a multi-distance
PD dataset that explicitly incorporates distance as a
key experimental variable. To our knowledge, this
is the first study to systematically integrate prox-
emics into PD motor assessment tasks. By consid-
ering recording distance as a human-centered design
factor, the protocol introduces a more flexible and hu-
manistic framework that can be integrated into prac-
tical PD detection systems. In addition, we provide
object detection annotations for more than 20,000
images, facilitating improvements in hand pose esti-
mation.
Using the FEATHER dataset, we benchmarked

multiple models for predicting UPDRS scores from
finger-tapping videos. For baseline evaluation, we
adopted temporal, spatial, and kinematic feature ex-
traction strategies to maintain alignment with prior
work and to enable systematic evaluation across a
wide range of recording distances.
Moreover, according to our results, 200 cm

achieved the best performance. This distance falls
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Table 5: Performance of mild vs severe symptom on Different Distance
30cm 50cm 80cm 100cm 200cm 300cm 500cm

LightGBM 73.06% 74.22% 71.98% 69.10% 86.63% 75.64% 58.24%
MLP 63.83% 64.2% 66.51% 64.23% 72.52% 58.06% 49.73%

Random
Forest

71.12% 68.50% 70.84% 70.30% 79.95% 70.77% 56.32%

FT-
Transformer

62.14% 57.52% 66.51% 65.45% 68.81% 71.00% 51.65%

Catboost 76.46% 75.42% 73.58% 73.48% 83.66% 77.49% 65.66%

Table 6: Distribution comparison
Wasserstein js divergence

200cm 1.267724 0.304618
300cm 1.369345 0.393778
500cm 1.640494 0.439015
100cm 1.924011 0.336501
80cm 2.394368 0.373956
50cm 3.219971 0.494550
30cm 3.835699 0.591492

Table 7: Ablation Study

UPDRS
Severity

Classification
Original 63.50 % 75.07%
Only with
feature

data filtering
64.38% 77.26%

Only with
cluster

based interpolate
64.86% 75.61%

All methods 65.52% 75.24%

within the social distance range (1.2–3.6 m). Nurs-
ing textbooks [13] and related studies [39] emphasize
that entering the personal zone may cause discomfort,
even during care delivery, and recommend maintain-
ing social distance when possible. Therefore, when
developing and training landmark detection models,
the recording distance used in training data should
be carefully considered.

We acknowledge several current limitations and di-

rections for improvement:

1. Due to the limited number of PD patients and
insufficient public awareness[15, 5], it was chal-
lenging to collect a large number of video sam-
ples. Moreover, Level 4 of the UPDRS is not
represented in our current dataset. Although we
have encountered several patients clinically diag-
nosed as Level 4, they were unable to complete
the finger-tapping task required for video record-
ing. The absence of Level 4 data may, to some
extent, limit the model’s capability. In addition,
the demographic diversity of our dataset is lim-
ited, as participants were primarily recruited in
China. Future work should involve collaboration
with other institutions to collect data from more
diverse populations.

2. The pretrained pose model was trained on
datasets containing general hand postures such
as “fist,” “palm,” and “others.” However, PD
finger-tapping actions differ from those in the
COCO WholeBody dataset. As a result, detec-
tion performance for the “pinch” posture and in-
termediate states between “pinch” and “palm” is
suboptimal.

3. We explored various optimization strategies, in-
cluding applying structural rules to refine land-
marks and using traditional signal processing
techniques on angle signals. While the proposed
landmark postprocessing method improved re-
sults, optimizing signals alone did not yield sig-
nificant performance gains.
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In the future, For the short term, we plan to
collect data under more diverse scenarios, such as
challenging lighting conditions, finger occlusion, and
low-resolution settings, to improve model robustness.
We are also interested in automating other UPDRS
tasks, such as toe tapping, pronation–supination
movements of the hands, and arising from a chair,
which remain underexplored. For the long term, we
aim to further integrate signal processing techniques
to enhance prediction accuracy and reduce reliance
on retraining pose estimation models. This can be
achieved either by refining landmark outputs using
rule-based corrections or by applying advanced sig-
nal processing to the generated signals. Additionally,
expanding annotated hand-tapping data will help im-
prove pose estimation quality and reduce downstream
optimization challenges.

7 Conclusion

FEATHER is a protocol focused on practical data
collection while reducing economic cost. Based
on this protocol, we collected the first FEATHER
dataset, introducing distance as a key factor in PD as-
sessment and providing hand object-detection anno-
tations for model fine-tuning. Using the FEATHER
dataset, we identified the optimal recording distance,
explored postprocessing strategies to improve predic-
tion accuracy, and benchmarked representative clas-
sifiers. We hope that, through this work, more pa-
tients—especially those in remote or underserved ar-
eas—can access advanced medical technologies. Ul-
timately, we aim for FEATHER to support the real-
world deployment of automated PD assessment sys-
tems.

8 Data availability

Currently, the datasets are not publicly available due
to the pocily of medical ethics committe of Beijing
Tiantan Hospital, Capital Medical University, but are
available from the corresponding author on reason-
able request.

We will definitely make our dataset publicly avail-

able. However, to protect patient privacy and com-
ply with the requirements of the hospital ethics com-
mittee, we need to perform de-identification on the
video dataset, as it contains patients’ facial infor-
mation. This de-identification process requires ad-
ditional time. We guarantee that the video data will
be made fully accessible to all users once this step is
completed.

9 Code availability

MMyolo can be found at https://github.com/ope
n-mmlab/mmyolo, and MMpose https://github.c

om/open-mmlab/mmpose.
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