
mmTremor: Practical Tremor Monitoring for
Parkinson’s Disease and Essential Tremor in Daily Life
Qingyong Hu1*, Yuxuan Zhou1*, Jinjian Wang1, Zirui Huang2, Guihua Li3, Qianhui

Xu4, Qian Zhang1
1The Hong Kong University of Science and Technology, 2The Hong Kong University of Science and

Technology (Guangzhou), 3Jinan University Affiliated Guangdong Second Provincial General Hospital,
4Shenzhen People’s Hospital (Jinan University)

Email: 1{qhuag, yzhoudo, jwangjx, qianzh}@cse.ust.hk, 2zhuang285@connect.hkust-gz.edu.cn,
3guihuali19790302@sina.com, 4qianhuixu.jnu.edu@hotmail.com

ABSTRACT
Tremor, a prevalent symptom in various neurological disor-
ders, significantly impacts patients’ quality of life. Regular
and precise tremor monitoring is essential for optimizing
treatment effectiveness. Existing at-home solutions have lim-
itations in practical daily life monitoring due to low adher-
ence, privacy concerns, or inevitable interference from con-
founding body components and overlapped motions. In this
paper, we propose mmTremor, the first privacy-preserving
contactless system to achieve practical tremor detection dur-
ing activities of daily living (ADL) in real-world settings. We
design a mmWave-depth fusion tracking algorithm to handle
the high interference from confounding body components.
To combat the impact of activities, we design a multimodal
spatiotemporal deep learning pipeline to effectively exploit
latent tremor information. Additionally, a spatial contrastive
unsupervised adaptation is proposed for better discriminabil-
ity and adaptation capability to unseen users and environ-
ments. To fully assess mmTremor in real-world scenarios, we
collect a diverse dataset of 28 patients and 9 healthy subject
simulations in more than 20 distinct environments, including
offices, hospitals, and homes. Extensive evaluations demon-
strate that mmTremor achieves a high macro-F1 of 0.877 in
tremor detection, showcasing the potential as a transforma-
tive contactless solution for tremor monitoring in daily life.
The dataset will be open-source to facilitate future research.
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1 INTRODUCTION
Tremor is a common symptom of several significant geriatric
diseases, particularly Parkinson’s Disease (PD) and Essential
Tremor (ET). Approximately 24.91 million people are affected
by ET [51] and over 8.5 million by PD globally [13]. Tremors
significantly degrade patients’ quality of life (QoL), as they
directly influence daily activities [34]. Since neither ET nor
PD can be fully cured, effective diseasemanagement is crucial
to improving quality of life by suppressing symptoms and
adjusting the efficacy of the treatment. Thus, as a key solution
for symptom monitoring, tremor detection shows promise
for assessing and enhancing treatment efficacy [12].
A higher frequency of symptom assessment has been

associated with longer survival times, fewer days of inpa-
tient care, and lower healthcare costs [16]. Current clinical
methods employ well-designed scale systems to measure the
symptom severity (e.g., the Hoehn and Yahr scale [25] and
the Unified Parkinson’s Disease Rating Scale (UPDRS) [41]),
which require the patients to perform a series of predefined
motions to evaluate tremor severity. Frequent hospital visits
can be burdensome for patients, and a shortage of clinicians
adds to the inconvenience. Additionally, the white-coat effect
and predefined motion assessments fail to fully capture the
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Figure 1: Usage Scenario of mmTremor.

impact of symptoms in daily life [23]. Since tremors are inter-
mittent and unpredictable, their influence on daily activities
is crucial for tailored therapy. Thus, continuous and objective
monitoring of symptoms in real-life settings is essential.

To develop a practical tremor monitoring system in daily
life, we must consider the following requirements: (1) non-
intrusive: continuous monitoring requires comfort for ef-
fective system deployment. (2) privacy-preserving: privacy
issues occur more urgently in daily life than in clinical set-
tings [1]. (3) robust and accurate: as a severity biomarker, the
system must detect tremors and assess their frequency and
duration despite significant interference from daily activi-
ties, including eating and drinking, etc.. For example, during
eating, significant arm movement can overshadow subtle
tremors (millimeter to centimeter level), and other limbs
may occlude or distract the monitoring system. Additionally,
variations in movement across different subjects complicate
the extraction of tremor patterns.

Recent research efforts have focused onmonitoring tremor,
the major motor symptom through various solutions, includ-
ing wearable devices [3, 11, 30], RGB and depth camera-
based solutions [4, 45, 61] and radio-frequency (RF)-based
solutions [7, 20, 63]. However, none of these options fully
meet practical monitoring requirements. Wearables require
close contact and usually multiple devices, which can cause
discomfort and reduce patient adherence [23]. RGB cam-
era solutions [4, 33, 45] raise privacy concerns in daily life
and are sensitive to lighting conditions while depth cameras
struggle to detect small-scale tremors [17]. Several RF-based
solutions have been proposed for privacy-preserving and
continuous tremor monitoring [7, 20, 63]. These solutions
assume that RF signals are solely changed by tremors, ne-
glecting the variations in tremor source locations and the
interference from movements of other limbs. Consequently,
they may not function effectively in situations where tremor
patterns vary or are overshadowed by significant movements
during activities of daily living (ADL). Besides, the analysis of
data derived from simulations of healthy subjects overlooks
the unique characteristics of patients.

To bridge the gap towards a practical monitoring system,
we recognize that depth cameras are effective for tracking
ADL [42]. Nonetheless, they may overlook intricate tremor

patterns due to noise stemming from distances and minor
movements [44]. In contrast, sensitive mmWave signals can
detect tiny movements. Thus, we propose integrating depth
cameras with mmWave radar for comprehensive tremor de-
tection at both micro and macro levels. Despite this integra-
tion, three significant challenges remain.

Firstly, accurately localizing the tremor source is difficult.
mmWave signals have a coarse angular resolution, which
hampers tremor source detection. While depth cameras can
track body movements, they struggle with rapid actions
(e.g., swinging an arm) and subtle movements (e.g., tremors),
leading to bias in isolating the target tremor signal.

Secondly, tremor signals are heavily influenced by ADLs.
Tremor (3-12 Hz) are inevitably overwhelmed by harmonic
components and energy leakage fromADLs [35]. The compo-
sition of tremors and other limb movements exhibits nonlin-
ear characteristics in both amplitude and phase [10], and the
variety of ADLs introduces different motion interferences.

Lastly, tremors can manifest unpredictably due to factors
like medications, activities, and emotions, distinguishing
them from continuous vital signs such as heartbeats. This
heterogeneity in tremors makes it challenging to create a
robust system that can adapt quickly to varying conditions
and accommodate different patients affordably.
In this paper, we propose mmTremor, a practical tremor

monitoring system for daily life. We first develop a tremor
source localization algorithm using mmWave-depth fusion
tracking embedded with tremor-related prior knowledge.
To address the nonlinear impact of ADLs, we propose a
dynamic weighted mmWave-depth fusion deep learning
pipeline, where the mmWave modality focuses on micro-
movements and the depth modality extracts ADL informa-
tion. To tackle the signal diversity in real-world scenarios, we
propose an unsupervised contrastive adaptation schemewith
customized data augmentation. We minimize the feature di-
vergence between the labeled source data and the unlabeled
real-world data through adversarial training. Then, based
on the intrinsic signal diversity across different samples,
we enhance model discriminability from the sample-wise
label while preserving the label information. This adapta-
tion scheme significantly improves mmTremor’s robustness
without incurring additional deployment costs.

Unlike priorworks that primarily rely on simulated tremors
from healthy subjects in laboratory settings, which lack
the diversity of tremors found in real patients, we build
mmTremor with 28 patients with PD or ET and 9 healthy sub-
ject simulations across over 20 real-world environments dur-
ing ADLs, including offices, hospitals, and patients’ homes.
The dataset consists of around 40,000 samples, each with
a duration of 3 seconds, labeled with IMU data [23]. It in-
cludes subjects of varying ages, genders, and disease severi-
ties assessed by medical professionals. Extensive evaluations
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Figure 2: Contactless modalities for tremor.
demonstrate that mmTremor achieves a high and robust
accuracy of 0.877 macro-F1 with unseen users. mmTremor
can serve as a foundation model to support tremor anal-
ysis: (1) The tremor duration detected by mmTremor has
high correlations of 0.84 with the assessment made by med-
ical professionals and 0.97 with the IMU contact data. (2)
It achieves a low frequency estimation error of 0.43 Hz, re-
ducing the error by 46.9% compared to the state-of-the-art
(SOTA) baseline [20].

Our contributions can be summarized as:
• We introduce the first practical contactless tremor detec-
tion system, designed to assess and improve medication
efficacy for patients with PD and ET.

• We propose a series of techniques, including tremor source
separation, deep tremor retrieval and unsupervised con-
trastive adaptation for robust tremor detection.

• We evaluate mmTremor in 28 patients with PD and ET,
along with 9 healthy subject simulations in more than 20
environments. Our results demonstrate that mmTremor
achieves an accurate and robust performance of 0.877
macro-F1 in diverse conditions. We also showcase that
mmTremor holds great potential to serve as a foundation
tool for further tremor analysis.

• The data will be open-sourced [37] to facilitate further in-
home care research. To the best of our knowledge, this is
the first multi-modal benchmark (mmWave, depth images,
and IMU data) related to PD and ET patients.

2 PRELIMINARIES
In this section, we will introduce the prior knowledge about
tremor and contactless sensing for tremor detection.
2.1 Tremor Priors
Tremor is defined as an involuntary, rhythmic, and oscil-
latory movement of a body part, typically caused by the
contractions of antagonistic muscles. It is the most common
movement disorder and can manifest in various forms, such
as rest tremor, postural tremor, and kinetic tremor. In Parkin-
son’s Disease (PD), tremors often manifest as resting tremors,

most noticeable when the hands are at rest, resembling a
pill-rolling motion. In contrast, Essential Tremor (ET), is
characterized by tremors in both hands and arms during
action or when resisting gravity, without accompanying neu-
rological signs. Tremor may also affect the head, voice, or
lower limbs. Although ET shares similar tremor characteris-
tics with PD [6], it has distinct treatments that necessitate
specific tremor monitoring [24], prompting us to include ET
in our investigation.

2.1.1 Time-Frequency Analysis. From a time-frequency anal-
ysis perspective, tremors manifest as a dominant main fre-
quency accompanied by a series of harmonic frequencies [28]:

𝑥 (𝑡) =
∑︁
𝑘

𝐴𝑘𝑠𝑖𝑛(2𝜋𝑘 𝑓 𝑡 + 𝜙𝑘 ), 𝑘 = 1, 2..., (1)

where 𝑥 (𝑡) represents the tremor movement, 𝑓 denotes
the main frequency (ranging from 3 to 12 Hz), 𝑘 means the
𝑘-order harmonic frequencies, 𝐴𝑘 and 𝜙𝑘 denote the ampli-
tude and initial phase of the 𝑘-order harmonic components,
respectively. Tremor frequencies vary among individuals
and causes of diseases, making it an important biomarker
for customized treatment.

2.2 Contactless Sensing for Tremor
Given that only 30% of users are willing to wear contact sen-
sors for a lasting period and that tremors require monitoring
in daily life [23], it is desirable to develop a non-intrusive
and privacy-preserving contactless tremor detection system.
We will explore two privacy-preserving modalities: depth
images and mmWave signals.

2.2.1 Depth Sensing for Tremor. Depth cameras are increas-
ingly popular for human activity analysis, with many re-
searchers utilizing skeleton tracking coordinates to measure
or detect tremors [8]. However, these systems typically op-
erate in the near-field (under 0.5 m) due to hardware limi-
tations. For instance, the Azure Kinect camera suffers from
random error and a systematic error of 0.1% of distance [36],
which can affect the detection of common mm- and cm-level
tremors. Furthermore, recent studies indicate that depth
cameras exhibit greater inaccuracies in dynamic environ-
ments [44], complicating the detection of minor and rapid
tremor movements in daily life.

2.2.2 mmWave Sensing for Tremor. Relying on their short
wavelength, mmWave signals have proven effective for sens-
ing tiny vibrations [21]. making them attractive for tremor
monitoring [20]. However, their high sensitivity also leads
to significant interference from irrelevant motions, which
can be difficult to filter out, particularly in daily monitoring
scenarios where movements can be large and irregular.
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Figure 4: Illustration of different tremor characteristics
between patients and healthy subjects, and the com-
parison of tremor signals of different modalities.
2.2.3 Comparison Between Both Modalities for Tremor. Fig-
ure 2 presents an ET patient who first holds his arm up for
about 9 seconds and then draws circles for another 11 sec-
onds, with an IMU sensor attached to the tremor-affected
hand for signal collection. The amplitude for IMU is obtained
by integrating the signal after applying a bandpass filter in
the range of 3-12 Hz. The depth camera effectively tracks
macro motion but introduces random uncertainties during
the initial 9 seconds. Meanwhile, mmWave signals can de-
tect tremors but are significantly affected by these macro
movements. This highlights the necessity of fusing depth
and mmWave data: by using the depth camera to cancel
out macro movement interference, we can better extract the
subtle tremor vibrations.

3 TREMOR DETECTION CHALLENGES
As a significant symptom in patients with PD and ET, tremor
is a clinically proven biomarker that helps assess and man-
age drug efficacy [46]. However, several challenges exist for
implementing a practical system in daily life.

(1) Dynamic Tremor Source. Tremors can significantly
impact daily activities like eating and drinking, resulting
in dynamic tremor sources. While depth cameras offer rea-
sonable tracking accuracy [53], they can malfunction dur-
ing rapid movements or when limbs are obscured (e.g., by
lifting the arm) as illustrated in Figure 3(a). This leads to
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Figure 5: Signal variations across subjects (drinking).

considerable bias in accurately locating the tremor source.
Similarly, mmWave signals face challenges in tracking a
moving tremor source due to their coarse angular resolution
(≈ 15◦), making it only suitable in static scenarios with the
largest-energy-localization [20]. However, as shown in Fig-
ure 3(b), this approach can yield incorrect detection results,
as it may capture larger reflections from the chest instead of
the tremor-affected hand.
(2) Substantial ADL Coupling Interference. Tremor

in patients typically exhibit amplitudes at the mm- and cm-
level [41]. The distribution of tremor amplitudes from both
patients and healthy subjects is shown in Figure 4(a). The
tremor amplitudes in patients are concentrated within a quite
smaller range than those of healthy simulations.
In addition to micro movements, the limited reflection

area of the tremor source (e.g. hand) reduces the variations
in the captured signals. Consequently, the frequency spec-
trum from common daily activities, which spans up to 12 Hz,
causes significant interference with the tremor distribution.
Figure 4(b) shows the FFT magnitudes of the IMU, depth, and
mmWave signals from a kinetic tremor case. The tremor is
simulated by a healthy subject seated with an IMU attached
to his hand. The mmWave radar and depth camera are set
1.5 meters before the subject. The joint estimation from the
depth camera and the phase of mmWave signals reflected
from the hand are used to calculate the frequency spectrum.
Compared to IMU signals, the frequency magnitudes from
contactless modalities (depth and mmWave) are significantly
overshadowed by the spectrum of ADLs. The ratio of tremor
spectrum energy (3-12 Hz) to the interference spectrum (0-3
Hz) from contactless modalities is around 10,000 × smaller
than that of IMU signals (0.003 vs. 26.01).
(3) Micro Tremor Variation with Large Domain Di-

versity. The primary rationale for detecting tremors in daily
activities is to analyze variations induced by tremors within
the composed signals. However, these variations may differ
across various domains, such as in patients. To investigate
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this, we collect the motion-related radar Doppler data from
two PD patients performing the same activity, i.e. drinking.

As shown in Figure 5, we observe the following: (1)Tremor
introduces little changes in the radar doppler signal (Figure
5(a) - Figure 5(b)). (2) Tremors vary significantly across differ-
ent subjects (Figure 5(b) - Figure 5(d)). (3) Different patients
exhibit considerable variability even without tremor impacts
(Figure 5(a) - Figure 5(c)). We compare the Structural Sim-
ilarity (SSIM) between the cases of Patient A and Patient
B. The (MEAN±STD) similarity of tremor and no-tremor
cases from patient A is 0.572 ± 0.073. In contrast, the simi-
larity of tremor cases from the two patients is 0.482 ± 0.184,
which is even lower than that with no-tremor cases from the
same subject. This illustrates the micro tremor discrepancy
is highly influenced by the huge domain diversity across
different subjects.

4 SYSTEM DESIGN
To solve the above challenges, we propose mmTremor, a
practical contactless tremor detection system leveraging
complementary synergy from depth and mmWave modali-
ties. Figure 6 illustrates our system’s architecture with three
core modules: Tremor Source Separation (Section 4.1), Deep
Tremor Retrieval (DeepTremor in Section 4.2), and Contrastive
Adaptation (ConAda in Section 4.3). Finally, the detected seg-
ments will be used to assess tremor duration and frequency.

4.1 Tremor Source Separation
To tackle the challenge of dynamic tremor source tracking,
we observe that both modalities can collaborate to miti-
gate each other’s shortcomings. Therefore, we propose the
Tremor Source Separation module, which filters error-prone
locations based on the joint decisions of the two modalities
and prior knowledge of tremors as illustrated in Figure 7.

4.1.1 Data Pre-processing. The IF mmWave data first un-
dergoes Range-Doppler-Angle-FFT modulation to separate
reflections from different distances, velocities, and angles.
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Figure 7: Illustration of Tremor Source Separation

Next, we perform clutter removal to mitigate the static mul-
tipath impacts. For the depth image, to combat the issues
including the missed frames and mismatched sampling rate
between the depth camera (~30 Hz) and the radar (~50 Hz),
we interpolate the depth frames with the nearest timestamp
sampling. Then we perform skeleton tracking [53] to extract
key joints such as the chest and both hands in the spatial
dimension for each depth frame.
4.1.2 mmWave-Depth Joint Tremor Source Separation. After
preprocessing, depth images provide a coarse estimation for
mmWave data, while mmWave data can help refine depth
tracking due to its high sensitivity. Specifically, using the
pre-processed body skeleton from depth images, we map the
absolute spatial coordinates to the mmWave Range-Angle
profile as rough localization anchors. Instead of directly se-
lecting the energy peaks around the rough anchors which
may stem from large body reflections or random movements,
we design spatial filters based on the tremor priors that PD
and ET tremor happens more frequently in limbs instead of
the chests [41]. To mitigate such interference, we addition-
ally leverage chest locations from depth-based tracking to
exclude torso reflections. With a range resolution of around
4 cm, the hand and chest can be separated in the mmWave
profile. If they are so close that only one peak appears, we
still use this reflection to detect tremors. Finally, we crop the
mmWave and depth data with the extracted spatial coordi-
nates that preserve the tremor source information. Specifi-
cally, we select the radar signals with 8 range bins (around
a 30 cm scope) around the tremor source considering the
potential tracking error, and then perform beamforming to
enhance the received signals. Then we preserve the sequence
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Figure 8: Comparison of different tracking methods.

of radar Range-Doppler FFT (RD-FFT) signals as it reflects
the motion distribution. The depth images are cropped to fit
the size of the tremor source combined with the upper body
joints for macro motion analysis.

To validate the effectiveness of our approach, we compare
our results using data from three patients with advanced
RGB-based skeleton tracking [29], as shown in Figure 8(a).
We observe that both ours and pure-depth results greatly
surpass the mmWave-based localization results in the previ-
ous RF work [20]. Figure 8(b) displays the tremor frequency
extracted from the two modalities, including the mmWave
signals based on our tracking results, the mmWave purely
based on the depth joints (Depth+mmW), the mmWave-only
tracking results (mmW), as well as the depth-only joint esti-
mation results (Depth). The ground truth is calculated from
the peak frequency of IMU signals. A lower frequency error
indicates better tremor feature extraction. Despite similar
tracking errors, our design preserves the most tremor vari-
ations due to the mmWave refinement design compared to
the simpler depth+mmWave scheme.

4.2 Deep Tremor Retrieval
After tremor source localization, we obtain the signal contain-
ing the most tremor information. To retrieve this information
from nonlinear ADL influences, we propose DeepTremorin
Figure 9, based on the observation that mmWave captures
minute tremor displacements with a coarse angular resolu-
tion, while depth cameras track macro motions with a coarse
displacement discrimination.

4.2.1 Unimodal Encoders. Since the radar beamformed RD-
FFT profile and the depth inputs (cropped images and body
joints) are heterogeneous modalities, we first design uni-
modal encoders to extract features from each modality and
then project them into the same latent space. We leverage
the convolution(2+1)D blocks [55] with a residual format
(ResConv), which has proven effective in action recognition
with a reduced risk of overfitting. We employ five ResConv
blocks to aggregate the mmWave spatial-velocity informa-
tion. For depth features, we use two blocks combined with
learned joint embeddings from two linear layers to preserve
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Figure 9: Model structure of DeepTremor.

themacromotion features. BothmmWave and depth features
are further transformed to the same latent space.

4.2.2 Spatial Alignment. Since mmWave data focuses on the
micro motions around the tremor source, while depth data
captures the macro motions, we design a spatial alignment
module to dynamically fuse the twomodalities.We first lever-
age Cross-Attention [9] on the two modalities separately,
aligning the query modality with the learned attention map
from the other modality. Then we design a residual mecha-
nism over the spatial dimension to dynamically preserve the
original modality features.
Considering that different modalities pay different atten-

tion to the tremor conditions with varying amplitudes, we
further design a gated fusion module to adaptively coordi-
nate the inter-modality relationships:

𝛼𝑚𝑚𝑊 = 𝜎𝑚𝑚𝑊 (𝑊𝑚𝑚𝑊 · [𝑂𝑚𝑚𝑊 ;𝑂𝑑𝑒𝑝𝑡ℎ]),
𝛼𝑑𝑒𝑝𝑡ℎ = 𝜎𝑑𝑒𝑝𝑡ℎ (𝑊𝑑𝑒𝑝𝑡ℎ · [𝑂𝑚𝑚𝑊 ;𝑂𝑑𝑒𝑝𝑡ℎ]), (2)
𝑂 𝑓 𝑢𝑠𝑒𝑑 = 𝛼𝑚𝑚𝑊 ∗𝑂𝑚𝑚𝑊 + 𝛼𝑑𝑒𝑝𝑡ℎ ∗𝑂𝑑𝑒𝑝𝑡ℎ,

where 𝜎𝑚𝑚𝑊 and 𝜎𝑑𝑒𝑝𝑡ℎ are the sigmoid functions.𝑊𝑚𝑚𝑊

and𝑊𝑑𝑒𝑝𝑡ℎ are the learned linear projections. 𝑂𝑚𝑚𝑊 and
𝑂𝑑𝑒𝑝𝑡ℎ are the outputs from the residual cross-attention mod-
ules while𝑂 𝑓 𝑢𝑠𝑒𝑑 is the output from the gated fusion module.

4.2.3 Temporal Refinement. Since tremormanifests the time-
series property and modulates both modalities simultane-
ously, we design a UNet-based [47] transformer module to
dynamically aggregate features from different temporal res-
olutions. As shown in Figure 9, the left part encodes the
fused features using convolution-based downsampling with
a stride of 2. The final layer, with the largest receptive field, is
empowered with an advanced pre-trained VideoMAE trans-
former [54] which transfers dynamic temporal action knowl-
edge to the relatively limited tremor datasets. The right side
of the UNet concatenates the shortcut features and performs
upsampling with transposed convs to generate the Temporal
Features 𝑂𝑇𝑒𝑚𝑝 . Furthermore, we aggregate multi-channels
within the Temporal Features 𝑂𝑇𝑒𝑚𝑝 with convolutions and
utilize the linear transformations to generate the Category
Features 𝑂𝐶𝑎𝑡𝑒 . Finally, A multi-layer perception (MLP) is
utilized as the classifier (CLS) for the category decision.

4.3 Unsupervised Tremor Adaptation
To combat the challenge of large domain diversity suppress-
ing micro tremor patterns, we need to eliminate the domain
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Figure 10: Architecture of ConAda.

shift while preserving the tremor information inside the sam-
ples. Additionally, considering the mobility difficulties faced
by PD/ET patients, we aim to minimize labeling efforts as
much as possible. In this section, we propose an unsuper-
vised domain adaptation (UDA) scheme to transfer the model
trained from the collected source data to the target user. To
this end, we propose a contrastive learning-based adaptation
scheme (ConAda) as shown in Figure 10 to fulfill the two
requirements: (1) eliminate the domain shift. (2) enlarge the
discrimination across samples.

Eliminate the Domain Shift. To mitigate the data shift
from the target user with our collected source distribution,
we leverage the domain adversarial neural networks (DANN)
[18] that trains a domain discriminator𝐷 (·) with reverse gra-
dients to force the tremor detection model to learn domain-
invariant features. To capture the temporal domain informa-
tion, we feed Temporal Features𝑂𝑠

𝑇𝑒𝑚𝑝
from the source data

and 𝑂𝑡
𝑇𝑒𝑚𝑝

from the target data to the domain discriminator
𝐷 (·) shown in Figure 10(b). Then 𝐷 (·) is trained to separate
different domains while the detection model DeepTremor is
trained to fuse these domains simultaneously. The reverse
gradient layer 𝑅(·) is applied to adversarially optimize both
the two components with the domain classification loss:

𝐿𝐷𝐶 = 𝐶𝐸 (𝐷 (𝑅(𝑂𝑠
𝑇𝑒𝑚𝑝 )), 𝑑

𝑠 ) +𝐶𝐸 (𝐷 (𝑅(𝑂𝑡
𝑇𝑒𝑚𝑝 )), 𝑑

𝑡 ), (3)

where𝐶𝐸 is the cross-entropy loss. 𝑑𝑠 and 𝑑𝑡 are the domain
labels, respectively.
Enlarge Sample Discrimination. Despite the tremor

variations being suppressed, they still introduce diversity to
the captured signals. Based on this intuition, we leverage
contrastive learning (CL) [22] to enhance the model discrim-
inability across different samples illustrated in Figure 10(a).
Specifically, leveraging the intrinsic signal diversity across
samples, CL aims to learn similar features from two aug-
mented views of one sample (positive set) and discriminate
the features from other samples (negative set), thus bringing
benefits to capturing micro-tremor representations [52].

Since CL is highly influenced by the data augmentation
schemes that generate two different positive samples related
to the tasks [52], we propose a tremor-specific data aug-
mentation scheme for both modalities. To preserve tremor’s
temporal properties, we first augment the inputs from the
spatial perspective with the following schemes:
• mmWave: Considering the coarse angular resolution of
the radar, the angle-FFT operation may cause spectrum
leakage as shown in Figure 3, sharing mutual information
with adjacent angle areas [26]. Thus we beamform the RD-
FFT mmWave with 5 random angle bins (∼±10◦) around
the tracking results as the augmented mmWave samples.

• Depth: The cropped depth images contain the dynamics
of tremor sources while the upper body joints preserve
macro motions. Thus we randomly crop the subset of the
cropped images and then resize it by interpolation, which
mimics when the images are not perfectly cropped. We
also randomly mask the upper body joints to simulate the
joint misdetection cases.

Based on the intuition that activities composed of tremors
should have tremor-like behavior we design amix-up scheme
[64] tailored for tremor cases. Specifically, we randomly form
sample pairs in the same batch andmix them upwith random
weights. Then we set the corresponding labels as ‘tremor’ if
there is a tremor sample in the mixed pair.
With the augmentation schemes, we can generate two

views of each sample as query 𝑥𝑞 and key 𝑥𝑘 and leverage
the momentum contrast (MoCo) framework [22] to enlarge
the sample discrimination in each domain. Each 𝑥𝑞 and 𝑥𝑘
are processed by DeepTremor to generate the category emeb-
ddings 𝑂𝐶𝑎𝑡𝑒𝑞 and 𝑂𝐶𝑎𝑡𝑒𝑘 , where 𝑂𝐶𝑎𝑡𝑒𝑘 is generated by the
momentum-updatedDeepTremor feature extractor1. To make
the augmented features close while enlarging sample dis-
crepancies, we add the following contrastive loss:

𝑙𝑠𝑖𝑖 = 𝑃 (𝑂𝑠
𝐶𝑎𝑡𝑒𝑞𝑖

) ·𝑂𝑠
𝐶𝑎𝑡𝑒𝑘𝑖

, (4)
𝑙𝑠𝑖 𝑗 = 𝑃 (𝑂𝑠

𝐶𝑎𝑡𝑒𝑞𝑖
) ·𝑂𝑠

𝐶𝑎𝑡𝑒𝑘 𝑗
, (5)

𝐿𝑠𝐶𝐿 = − 1
𝑁

𝑁∑︁
𝑖=1

𝑙𝑜𝑔
exp(𝑙𝑠𝑖𝑖/𝜏)

exp(𝑙𝑠
𝑖𝑖
/𝜏) +∑𝐽

𝑗=1 exp(𝑙𝑠𝑖 𝑗/𝜏)
, (6)

where 𝑃 (·) is the projection layer that transforms the posi-
tive features closer. 𝑂𝐶𝑎𝑡𝑒𝑠

𝑞𝑖
,𝑂𝐶𝑎𝑡𝑒𝑠

𝑘𝑖
and 𝑂𝐶𝑎𝑡𝑒𝑠

𝑘 𝑗
are the 𝑖-th

𝑂𝐶𝑎𝑡𝑒𝑞 , 𝑖-th 𝑂𝐶𝑎𝑡𝑒𝑘 and 𝑗-th 𝑂𝐶𝑎𝑡𝑒𝑘 features from the source
domain, respectively. 𝜏 is the temperature scaling parameter
and 𝐽 is the size of the sample queue. To improve sample dis-
crimination, we regard the augmented views from the sample
as positive samples while the others as negative samples.
The contrastive loss pushes the sample away from the

queue that stores other negative samples and thus enhances
the model’s discriminability. This loss also constraints the
1The feature extractor is DeepTremor without the last classifier.
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Figure 11: t-SNE visualization for the embeddings from
unseen subjects with different adaptation schemes.
The yellow dots are for ‘tremor’ cases while the blue
ones denote ‘no-tremor’ cases.

model trained on the unlabelled target data denoted as 𝐿𝑡
𝐶𝐿

to enhance the target sample discrimination.
Besides unlabelled contrastive learning, we need to align

the contrasted domain representations in Figure 10(c). Since
the target domain has no available labels, to preserve the
label information, we adopt the nearest-neighbor contrastive
learning [43] to align the target representations with the
nearest source representations:

𝑂𝑠
𝐶𝑎𝑡𝑒𝑞𝑖

= 𝑁𝑁 𝑠 (𝑂𝑡
𝐶𝑎𝑡𝑒𝑘𝑖

), (7)

𝐿𝑁𝑁𝐶𝐿 = − 1
𝑁𝑡

𝑁𝑡∑︁
𝑖=1

𝑙𝑜𝑔
exp(𝑂𝑡

𝐶𝑎𝑡𝑒𝑞𝑖
·𝑂𝑠

𝐶𝑎𝑡𝑒𝑞𝑖
/𝜏)∑𝑁𝑠

𝑗=1 exp(𝑂𝑡
𝐶𝑎𝑡𝑒𝑞𝑖

·𝑂𝑠
𝐶𝑎𝑡𝑒𝑞𝑗

/𝜏)
, (8)

where 𝑁𝑁𝑠 (·) is the nearest-neighbor function with mean-
squared error as the distance metric to retrieve the source
embedding closest to the target domain embedding. The final
contrastive loss in our ConAda is:

𝐿𝐶𝐿 = 𝛼 · (𝐿𝑠𝐶𝐿 + 𝐿𝑡𝐶𝐿) + 𝛽 · 𝐿𝑁𝑁𝐶𝐿, (9)

where 𝛼 and 𝛽 are hyperparameters to control loss weights.
CaptureTremor Information.To ensureDeepTremor maps
the contactless modalities to the tremor detection results, we
adopt the cross-entropy loss on the final embeddings with
the tremor labels:

𝐿𝑠𝐶 = 𝐶𝐸 (𝐶 (𝑂𝑠
𝑐𝑎𝑡𝑒𝑞

), 𝑦𝑠 ), (10)

where𝐶 (·) is the DeepTremor last classifier.𝑂𝑠
𝑐𝑎𝑡𝑒𝑞

and 𝑦𝑠 are
the features and labels in the source domain, respectively.
Summarize all losses: Finally, our adaptation scheme

ConAda optimizes the following loss with the domain adap-
tation weight 𝛾 :

𝐿 = 𝐿𝑠𝐶 + 𝐿𝐶𝐿 + 𝛾 · 𝐿𝐷𝐶 . (11)

Figure 11 visualizes the Temporal Features 𝑂𝑇𝑒𝑚𝑝 from
the unseen subjects by averaging the timestamps with t-SNE
[56]. The ‘No adaptation’ scheme fails to separate the correct
labels, highlighting the necessity of domain adaptation in
the feature space. Although DANN benefits from the learned
features, it still mixes the ‘tremor’ samples with ‘no-tremor’
samples since it cannot preserve label information [43]. With

Figure 12: Various environments in data collection.

the contrastive learning scheme, our ConAda better sepa-
rate the features by enhancing sample discrimination and
eliminating domain shifts.

5 IMPLEMENTATION
5.1 Data Collection

Ground Truth. Inertial measurement units (IMUs) have
been widely utilized for tremor assessment and acknowl-
edged as a gold standard [39, 57, 61]. We build a glove with 6
IMUs (MPU6050) to collect tremor data from five fingers and
the back of the hand with 50Hz. A 3-12 Hz band-pass filter
is applied to the data from six sensors. Then the root mean
square (RMS), peak power [23] and the tremor amplitudes are
calculated using a 3-second sliding window with 0.5-second
overlap [49]. Segments exceeding predefined thresholds are
labeled as ‘tremor’ cases. For example, following the previ-
ous work [15], segments with amplitudes greater than 5 mm
will be regarded as the ‘tremor’ cases.
Patients Recruitment. We collaborate with two medical
centers with our institute’s IRB approval. Patients are re-
cruited from the outpatient clinic and inpatient department
under the supervision of experienced clinicians. Experiments
were conducted with informed consent from the patients and
under the guidance of these clinicians. Our study involves 37
volunteers including 28 patients (24 patients with PD and 4
patients with ET) and 9 healthy simulations. The experiments
were conducted in 23 diverse settings (2 outpatient clinic
rooms, 8 inpatient units, and 13 patients’ homes) in Figure
12. Two clinicians evaluated the patients with UPDRS tremor
subscores 3.15-3.18 [41]. The patients have a MEAN±STD
tremor subscores of 4.71 ± 2.72 and an age distribution of
67.14 ± 8.13 years old, with the disease lasting from 2 years
to more than 20 years.
Experiment Design. Subjects are seated approximately 150
cm from the device, with distances varying from 50 to 300
cm and orientations ranging from -30 to 30 degrees based
on environmental constraints. Patients perform five ADLs
affected by tremors: eating, drinking, drawing, resting, and
using a phone, as referenced in prior research [24, 48]. Using
the phone lasts 1 minute for twice, while other activities last
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Figure 13: Implementation of the sensing platform and
ground truth hardware.

about 15-20 seconds and are repeated around 10 times. After
providing informed consent, patients watch a demonstration
video before performing tasks based on their daily habits.

For healthy subjects, simulation experiments involve 21
combinations of tremor types, limb movements, and hand
orientations to mimic patient scenarios. Subjects watch video
examples and simulate tremors for 10 seconds, repeating the
process 12 times for rest tremors and 3 times for kinetic
tremors. In total, over 40,000 segments are collected, each
lasting 3 seconds with a sliding window of 0.5 seconds.

5.2 System Implementation
Sensing Platform. Our sensing platform, depicted at the
right of Figure 13, combines TI IWR1843 mmWave radar
with an Azure Kinect DK depth camera. The depth camera
operates at a maximum frame rate of 30 Hz in the WFOV
mode. The radar operates at 77 GHz with a bandwidth of 4
GHz, equipped with 3 transmitting antennas and 4 receiving
antennas. It sends frames at 50 Hz, each with 64 chirps and
256 sampling points for each chirp.
Software.We build mmTremor with one NVIDIA RTX 3090
GPU based on PyTorch 2.0.1. The body joints are exclusively
processed from the depth images with the Azure Body Track-
ing SDK 1.4.1. The cropped mmWave RD-FFT inputs have 64
doppler bins and 8 range bins around the extracted tremor
source with I/Q channels. The depth cropped images have a
size of 32 × 32 pixels to cover the tremor source (e.g., hands)
while we select 14 upper body joints including the head,
chest, left/right arms, and left/right hands. The details of
DeepTremor and ConAda are as follows.

DeepTremor mmWave Encoder. The input channels of
the five ResConvs are (2, 16, 32, 64, 128) with the output
channel of 256. The first ResConv has a spatial/temporal
kernel size of (1, 1) while the others are (9, 11). The spatial
strides are (1, 2) at the second ResConv while the last three
ResConvs have the same (2, 2) spatial strides. Finally, we
reshape the embeddings and map them into a 128-dim latent
space with a linear projection.

DeepTremor Depth Encoder. The input channels of the
two ResConvs are (1, 16) with 64 output channels. The spa-
tial/temporal kernel sizes are (11, 9) with the spatial strides of
(4, 4). We convert the reshaped embeddings into the 128-dim

latent space with a linear projection. The joint embeddings
are also projected to the 128-dim space with two liner layers.

DeepTremor Spatial-Temporal Feature Extractor. The
spatial alignment module takes the 128-dim embeddings
from both modalities and outputs a 64-dim embedding. Then
the temporal refinement module adopts a three-layer U-Net,
where each layer changes the temporal resolution and in-
creases the feature channel. The last layer contains a conv to
align the temporal features with the pretrained VideoMAE
encoder input of 384-dim [54]. The feature extractor outputs
the Temporal Features 𝑂𝑇𝑒𝑚𝑝 ∈ R128×150, which will be pro-
cessed by three convs with a linear layer for the Category
Features 𝑂𝐶𝑎𝑡𝑒 ∈ R128. Finally, the MLP classifier 𝐶 (·) with
two linear layers maps 𝑂𝐶𝑎𝑡𝑒 to the target tremor category.

ConAda Domain Discriminator. The domain discrimi-
nator analyzes the domain information from the Temporal
Features 𝑂𝑇𝑒𝑚𝑝 with four Conv1D blocks with input chan-
nels of (64, 64, 64, 32) with the output channel of 128 and the
stride of 2. The final domain classification layer converts the
reshaped hidden latents to the domain labels.

Training Parameters. DeepTremor is trained with Adam
optimizer with a cosine learning rate scheduler that increases
from 0 to 1𝑒−3 in 5 epochs and gradually reduces to 5𝑒−5 in
later 25 epochs. The temperature, momentum and queue size
parameters of ConAda are 0.07, 0.99, and 8192, respectively.
The ConAda loss weights in Equations 9 and 11 are 𝛼 =

0.1, 𝛽 = 1, 𝛾 = 5 to ensure them in the same scale.

6 EVALUATION
6.1 Evaluation Methodology
Experiment Settings. We conduct the evaluation based on
the 37 subjects. To evaluate the generalization of mmTremor,
we use a cross-subject evaluation scheme with a random
five-fold split. The subjects are split into 5 groups, each with
7-8 people. One subject group is selected as the test set while
the remaining groups function as the training set by turns.
Metrics. We use the F1-score, recall, and precision for pos-
itive samples (i.e., tremors) to evaluate the sensitivity and
specificity of tremor detection. Since the non-tremor cases
also count for the ‘OFF’ period for tremor duration estima-
tion, it is important to assess our system on both tremor and
non-tremor cases. Thus, we also use the macro-F1, and accu-
racy by averaging the metrics in both categories. In addition,
Matthews correlation coefficient (MCC) [5] is used to evaluate
the correlations of detection results with the ground truth.
Baselines. Since there are currently no available settings
that extract tremors from the two modalities in daily activ-
ities, we established the baselines to understand the con-
tributions of our proposed components. Specifically, these
baselines are designed by removing or replacing specific
modules of our system. We set the baselines as follows:
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ACC M-F1 F1 R P MCC
BL-A 0.728 0.666 0.521 0.501 0.543 0.332
BL-B 0.773 0.713 0.581 0.521 0.656 0.434
BL-C 0.793 0.749 0.644 0.634 0.655 0.499
BL-D 0.826 0.799 0.726 0.717 0.736 0.598
BL-E 0.842 0.799 0.706 0.642 0.784 0.605
BL-F 0.848 0.808 0.720 0.654 0.801 0.623
BL-G 0.859 0.830 0.759 0.733 0.786 0.660
BL-H 0.872 0.848 0.787 0.803 0.772 0.696
Ours 0.897 0.877 0.829 0.828 0.829 0.759

Table 1: Overall performance of all subjects. ‘BL’: ‘Base-
line’. ‘ACC’: ‘Accuracy’. ‘M-F1’: ‘Macro-F1’. ‘R’: ‘Recall’.
‘P’: ‘Precision’.

• Baseline-A: It uses the cropped depth images as input
with the unimodal depth encoder and the linear classifier
without adaptation.

• Baseline-B: Compared with Baseline-A, it adds the pre-
trained video backbone VideoMAE [54] to enhance the
feature extraction.

• Baseline-C: We replace the VideoMAE backbone with
our proposed Temporal Refinement module.

• Baseline-D: It utilizes only mmWave signals to localize
tremor sources, with mmWave RD-FFT as input to our
unimodal mmWave encoder and the linear classifier.

• Baseline-E: It fuses mmWave RD-FFT with depth im-
ages based on an advanced multi-modal fusion backbone
Multiway Transformer [60].

• Baseline-F:We replace the fusion Multiway Transformer
of Baseline-D with our DeepTremor fusion.

• Baseline-G: Baseline-E + DANN adaptation [18].
• Baseline-H: We replace our tremor-specific augmenta-
tion in ConAda with the time-series augmentation scheme
[43] and adopt the contrastive adaptationwithDeepTremor.

• Ours: Our DeepTremor + tremor-specific ConAda adapta-
tion scheme, which is the whole of mmTremor.

6.2 Overall Performance
The overall results for all subjects are presented in Table 1
while Figure 14 details the performance of both patients and
healthy subjects.

Effectiveness of DeepTremor. The results of Baseline-A
to C indicate that coarse information from a single depth
camera can interfere with tremor data. While Baseline-D
(mmWave-only) shows comparable performance to the fu-
sion approach (Baseline-E) on some metrics, this is primarily
because mmWave-only indirectly identifies vibrations by lo-
cating the patient’s thorax. This approach, however, restricts
fine-grained limb tremor analysis, like frequency estimation
(see Figure 19(a)), making it inadequate for our goal of com-
prehensive tremor assessment. For comparison, Baseline-E
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Figure 14: Overall performance on healthy subjects
and patients.

fuses both modalities with an advanced Multiway Trans-
former. With the mmWave gains, Baseline-E achieves a high
performance of 0.842 accuracy. Compared with Multiway
Transformer, our dedicated DeepTremor (Baseline-F) consid-
ers the spatial-temporal characteristics of both modalities
and tremors and achieves better performance, especially for
healthy subjects who perform larger tremors.
Effectiveness of ConAda. Despite the gain brought by

DeepTremor, its F1-score is not satisfactory without adap-
tation as shown in the patients’ performance of Figure 14
(b). Baseline-G integrates the common adaptation strategy
DANN [18] and obtains minor enhancement. In contrast to
DANN which omits the label information for the target do-
main [43], we could observe our proposed ConAda achieves
the highest performance, including an accuracy of 0.897,
macro-F1 of 0.877, and F1-score of 0.829. This is because
ConAda adopts the tremor-specific augmentation and lever-
ages contrastive learning to preserve the tremor features.
To prove the effectiveness of the augmentation module in
ConAda, we replace it with the common time-series augmen-
tation [43]. Since patients typically exhibit minor and inter-
mittent natural tremors (Figure 4(a)), it imposes more chal-
lenges on patients than healthy simulations. Compared with
Baseline-H, our solution has a stable gain in both patients
and healthy subjects, demonstrating the tremor-specific aug-
mentation module’s effectiveness.

6.3 Robustness Study
To evaluate the robustness of mmTremor, we randomly select
3 healthy subjects simulating tremors with the same ADLs
as the patients under varied conditions.

6.3.1 Impact of Environment. We first evaluate the impact
of different environments, including a corridor, an office,
and a meeting room. Results are shown in Figure 15(a). Our
system maintains a high accuracy and a high F1-score over
0.86 across various environments.
6.3.2 Impact of Distance. Users may appear at varied dis-
tances from the system. We evaluate our system at distances
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Figure 15: Impact of environment and distance.
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Figure 16: Impact of user orientation and movement.

of 0.5 m, 1.5 m, 2.5 m, and 3.5 m with a 0-degree orientation.
Results in Figure 15(b) indicate that our system maintains
good performance of above 0.84 F1-score at reasonable dis-
tances in real-world scenarios, from monitoring at the same
desk (0.5 m) and across a room scale (3.5 m).

6.3.3 Impact of Orientation. In real-world settings, users
may not face the devices accurately, so our system should
tolerate variations in user orientation. We conduct experi-
ments with orientations varied from -30◦ to 30◦. The positive
angle indicates the user is located at the clockwise direction
towards the system. Results in Figure 16(a) demonstrate the
system’s good performance across a wide range of angles.

6.3.4 Impact of Interfering Person. We also simulated sce-
narios where other individuals walked around the subject.
The subjects were seated 150 cm in front of the system at
0◦ orientation, while another person moved at a distance
of 0.5∼1 m, keeping the line of sight path clear. As shown
in Figure 17(a), our system performs effectively even with
nearby individuals present.

6.3.5 Impact of Movements. We analyze patient data during
various activities. As shown in Figure 16(b), our system effec-
tively mitigates the effects of large movements, maintaining
high performance across different ADLs. However, the F1-
scores for drawing and using a phone are lower, likely due
to an imbalanced data distribution-—samples from drawing
and using a phone are both only about 1/3 of those from
drinking .Future work will focus on implementing imbalance
learning techniques to address this issue.
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Figure 17: Impact of interference and adaptation rate.

6.3.6 Impact of Adaptation Rate. To evaluate the impact of
data volume on adaptation, we assessed our system using
various adaptation rates (0, 30%, 60%, 90%, and 100%), which
represent the proportion of data used for adaptation. As
shown in Figure 17(b), even a small adaptation rate yields
significant improvements, with performance gradually in-
creasing as the rate rises. These results indicate that our sys-
tem achieves strong generalization performance with only a
small amount of data (approximately 5 minutes).

6.4 Case Study
6.4.1 Duration Estimation. One downstream application of
mmTremor is to accurately assess the tremor duration after
tremor direction, and further provide evidence for improv-
ing tremor choices [12]. We compute the tremor duration
proportion to the total duration for each patient as shown in
Figure 18(a). Our contactless solution has a high correlation
of 0.97 compared with the contact IMU ground truth. This re-
sult presents the accurate tremor duration estimation across
patients with different tremor severity, demonstrating that
mmTremor is practical to provide useful results for clinicians
while reducing user burdens.

6.4.2 Correlation with Medical Assessment. As an important
symptom and biomarker, tremor duration is highly related
to the severity of PD. To demonstrate the effectiveness of
mmTremor, we analyse the correlations between our tremor
duration outputs with the average assessment from two expe-
rienced medical professionals, i.e.MDS-UPDRS [41] tremor
subscore (3.15-3.18). The results shown in Figure 18(b) prove
that our predicted tremor duration is strongly correlatedwith
theMDS-UPDRS tremor subscore (𝑟 = 0.84, 𝑃 < 0.0001). This
result demonstrates that mmTremor holds great potential to
serve as a clinically relevant assessment of tremor severity
in daily scenarios without any intrusiveness.

6.4.3 Frequency Estimation. As another important down-
stream task of tremor analysis, frequency illustrates the
tremor characteristics, especially the cause of tremors. Here
we evaluate the frequency estimation supported bymmTremor.
The ground truth is obtained via the peak frequency of IMU
signals within 3-12 Hz. For ours, we extract the phase of
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Figure 19: Performance analysis of tremor frequency
estimation and patient groups.

mmWave signals based on our tremor source separation,
while the baseline [20] tracks with only mmWave signals.
For fairness, we compare our results under the same condi-
tion of the baseline that only analyzes the indicated tremor
cases. The results in Figure 19(a) present that the tremor
frequency estimation error with our tracking strategy is only
0.43 Hz, much lower than the baseline (0.81 Hz), which is
often misled by confounding limbs and chest.

6.4.4 Performance under Different User Statuses. A reliable
tremor detection system should track the user’s status. We
invite a PD patient who has undergone the Deep brain stim-
ulation (DBS) treatment. The symptoms of PD will be signif-
icantly suppressed when the DBS machine is on. We present
the duration estimation results for different statuses in Ta-
ble 2. The results show that mmTremor accurately monitors
the duration at different statuses and validates it is practical
to track the patient conditions in daily life.

6.4.5 Performance for PD and ET. Since our dataset contains
patients with PD and ET, we present the performance across
different diseases in Figure 19(b). Our system performs well
in both diseases, proving that mmTremor captures charac-
teristics for both tremor types. Here the performance for
ET is slightly worse than PD, probably due to the lack of
tremor samples from only 4 ET patients. It is promising to
significantly improve the performance of ET by extending
our dataset with more reasonable ET tremor samples.

DBS Status Predicted Duration (%) Ground Truth (%)
ON 2.09 2.93
OFF 100 100

Table 2: Duration estimation for different DBS statuses.

6.5 Computational Cost
Though trained on a GPU RTX 3090 server, mmTremor is
expected to perform inference with low computational cost.
Thus mmTremor, we conduct inference measurement on
the trained DeepTremor by averaging 1000 samples with one
RTX 3090 GPU. The inference latency is 31.29 ms and the
GPU memory consumption is about 2920 MB. This proves
that mmTremor is affordable for most consumer-grade GPUs
in real-time. It achieves such low consumption thanks to our
dedicated design in the training stage optimization.

7 DISCUSSION AND FUTUREWORK

Privacy Concerns. While the depth camera largely miti-
gates the privacy issues by capturing only the user’s silhou-
ette, privacy concerns remain, like potential identity disclo-
sure [40]. In our system, these images are processed into
skeleton and cropped hand images locally and will not ap-
pear in final reports to clinicians, minimizing the risk of
transmitting sensitive user information to external organiza-
tions. For adaptation, we think privacy protection methods
like differential privacy [59] can further reduce this issue.

Further Analysis on Tremor mmTremor represents a sig-
nificant advancement in practical tremor monitoring by en-
abling accurate tremor detection in everyday life. While
mmTremor already offers clinically relevant metrics such
as tremor duration and frequency, there remains a need to
capture additional biomarkers of tremor. Firstly, tremor am-
plitude, a key criterion in the MDS-UPDRS, is critical for as-
sessing Parkinson’s disease progression. mmTremor shows
promise in contactless assessment of amplitude through our
extracted tremor features. Secondly, tremors typically initi-
ate in the upper limbs before spreading to the head and other
extremities. mmTremor has the potential to detect and track
tremors across various body regions. Thirdly, as tremors are
common in multiple neurological conditions, misdiagnosis
rates are notable. By conducting in-depth frequency analysis
and evaluating other motor characteristics, mmTremor holds
the potential to aid in diagnosing the underlying causes of
tremors, thereby enhancing treatment effectiveness.

Generalizability.We collect the first multi-modal dataset
consisting of 28 patients with PD and ET across diverse envi-
ronments, covering disease histories from 2 to over 20 years.
However, our dataset inevitably has limitations, as most pa-
tients exhibit mild hand tremors. In future efforts, we aim
to expand the dataset to include a larger, demographically
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diverse population with varying tremor severities, differ-
ent affected limbs, and more daily conditions that present
tremors. By doing so, we envision developing a comprehen-
sive and practical tremor assessment tool to enhance current
diagnosis, therapy, and rehabilitation practices.
Broader ScenariosOur focus on detecting tremors in seated
scenarios arises from the understanding that a significant
portion of daily activities occur while seated, such as eating,
writing, and using electronic devices. By capturing tremor
data during regularly performed routine activities like eating,
our system facilitates a more scientific evaluation of tremor
symptoms. In contrast to prior studies that often concentrate
on fixed postures and limited actions, our research offers a
more comprehensive insight into how tremors impact the
daily lives of individuals. Looking forward, our goal is to
broaden our research scope to encompass whole-home mon-
itoring, incorporating a wider range of daily activities. This
expansion will enable the development of comprehensive
contactless solutions tailored specifically for the elderly.
Extension toOther SymptomsAs amajor symptom, tremor
significantly affects the quality of daily life. Our system fo-
cuses on tremor modeling based on the observation that
tremor introduces abnormal variations compared with nor-
mal cases. Based on this observation, our system holds the
potential to generalize to additional motion abnormalities
like bradykinesia and rigidity, which are common biomark-
ers in elderly and PD patients. In our future work, we will
explore additional motion symptoms based on our hardware
and build a comprehensive home care system for early de-
tection and monitoring of abnormalities.

8 RELATEDWORKS
Wearable-based Tremor Monitoring. Electroencephalog-
raphy (EEG) and electromyography (EMG) have been ex-
tensively utilized for tremor assessment, capturing signals
from the nervous system and muscles during tremor [14, 38].
Surface EMG, in particular, serves as the gold standard for
tremor diagnosis. However, its application for continuous
monitoring in daily life is impractical [57]. Recently, IMUs
have emerged as potential solutions for daily tremor moni-
toring and assessment. These include the wearable systems
worn on the limbs [3, 11] and those integrated into smart-
watches or smartphones [2, 32]. Despite their promise, wear-
able devices face challenges like discomfort with prolonged
wear [23] and poor long-term adherence [50]. Additionally,
frequent charging requirements further diminish their prac-
ticality for continuous monitoring.
Contactless Tremor Monitoring. Numerous RGB camera-
based methods [33, 45, 61] and depth camera methods [4, 8]
have been explored. However, RGB camera solutions raise
privacy concerns and are inadequate for non-line-of-sight

scenarios. Moreover, depth cameras perform poorly in dy-
namic environments [44], limiting their feasibility for tremor
monitoring in daily activities. RF solutions have also been
explored. Blumrosen et al. [7] attempt tremor quantification
with an ultra-wideband radar, despite their simulations with
a metal plate that mimics tremor behaviors. Lin et al. [31]
leverage a dedicated Doppler radar to quantify tremors in
fixed postures. The work [19] employs an FMCW radar for
tremor detection. Some studies have explored daily tremor
monitoring [20, 63] but only involve simulated tremors with
fixed tremor sources and lack validation in real-world pa-
tients. In contrast, mmTremor not only resolves dynamic
tremors under huge ADL interference but also is validated
on patients with PD and ET in home settings.
mmWave-based Tiny Biomarker Monitoring. Contin-
uous monitoring of tiny human biomarkers is a key appli-
cation for mmWave sensing. ViMo [58] explores channel
impulse responses for multi-user vital sign monitoring. RF-
SCG [21] reconstructs seismocardiogram waveforms, while
VED [65] generates blood pulse waveforms. MoVi-Fi [10]
extracts respiration and heartbeat waveforms despite motion
interference. WaveBP [27] estimates the arterial blood pres-
surewaveform. However, thesemethods rely on strong reflec-
tions from the chest or static areas. In contrast, mmTremor
tracks dynamic hand movements and extracts tremor pat-
terns using weak signals reflected from hands, even amidst
significant movement interference.

9 CONCLUDING REMARKS
This paper presents mmTremor, the first practical contactless
tremor detection system, designed to assess medication effec-
tiveness for patients with PD and ET. To achieve this, we pro-
pose a multi-modal fusion pipeline, including the mmWave-
depth tracking for tremor source separation, DeepTremor for
extracting micro tremor features from non-linear large activ-
ity interference, and ConAda for unsupervised domain adap-
tation. Extensive evaluations demonstrate the capability to
accurately track tremor conditions with high correlations of
medical assessment and contact sensors. mmTremor shows
great promise for wide deployment in real-world scenarios
to facilitate in-home healthcare for target patients.
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