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Abstract

In this paper, our goal is to enable quantitative feedback on muscle
fatigue during exercise to optimize exercise effectiveness while
minimizing injury risk. We seek to capture fatigue by monitoring
surface vibrations that muscle exertion induces. Muscle vibrations
are unique as they arise from the asynchronous firing of motor
units, producing surface micro-displacements that are broadband,
nonlinear, and seemingly stochastic. Accurately sensing these noise-
like signals requires new algorithmic strategies that can uncover
their underlying structure. We present GigaFlex the first contact-
less system that measures muscle vibrations using mmWave radar
to infer muscle force and detect fatigue. GigaFlex draws on algo-
rithmic foundations from Chaos theory to model the deterministic
patterns of muscle vibrations and extend them to the radar do-
main. Specifically, we design a radar processing architecture that
systematically infuses principles from Chaos theory and nonlinear
dynamics throughout the sensing pipeline, spanning localization,
segmentation, and learning, to estimate muscle forces during static
and dynamic weight-bearing exercises. In a 23-participant study
within a controlled environment, GigaFlex estimates maximum vol-
untary isometric contraction (MVIC) with 5.9% RMSE and detects
1-3 Repetitions in Reserve (RIR) with an AUC of 0.83-0.86, per-
forming comparably to a contact-based IMU baseline. Our proof-of-
concept system opens new opportunities for physiological sensing
of complex, non-periodic biosignals.
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Figure 1: GigaFlex is a proof-of-concept system that demon-
strates contactless monitoring of muscle fatigue and force.
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1 Introduction
“If you get tired, learn to rest, not to quit.” - Attributed to Banksy

In this paper we ask — “Can we sense and track muscle state
during exercise without any contact-based sensors?” Muscle state
monitoring is key to a variety of contexts from exercise at the gym,
rehabilitation and physical therapy. Our specific focus is on mea-
suring muscle exertion levels and fatigue [73, 74]. Consider for


https://orcid.org/0009-0002-3970-7591
https://orcid.org/0009-0002-4738-6572
https://orcid.org/0009-0008-3309-3633
https://orcid.org/0000-0002-6001-2826
https://orcid.org/0009-0009-0606-5853
https://orcid.org/0000-0002-4054-0373
https://orcid.org/0000-0001-6304-8552
https://orcid.org/0000-0002-1471-6187
https://orcid.org/0000-0002-5398-5347
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3774906.3802776
https://doi.org/10.1145/3774906.3802776

SenSys 26, May 11-14, 2026, Saint Malo, France

example, exercise at the gym where for an effective muscle work-
out one needs to be in the Goldilocks zone - too little exertion of
muscles renders the workout ineffective and too much may cause
injury. Indeed, gym-related musculoskeletal injuries are common,
with prevalence rates ranging about 35% across multiple national
studies [61]. There is a significant proportion associated with over-
lifting or misjudged muscle effort [61, 73, 74] with recovery often
taking several months [18, 61, 77, 102]. Further, muscle state misper-
ception worsens as exhaustion progresses or in users with recent
injuries or muscle impairments [99]. Hence, obtaining personalized
and data-driven quantitative metrics for users to decide between
“taking a break” versus “lifting more” is crucial to a safe and effective
workout.

Prior work on muscle state monitoring has largely relied on
contact-based sensors. Many such sensors record electrical signals
through surface electrodes [55] and invasive needles [37]. Others
sense visible and microscopic changes to muscle geometry, such
as bulging and vibrations are strongly correlated with electrical
muscle levels and output [52, 53, 63, 104]. A variety of on-body
sensors sense muscle vibrations and deformations using ultrasound
imaging [30, 63, 104], accelerometers [118], and microphones [25].
However, these approaches require skin preparation [55], are sus-
ceptible to sweat-induced signal degradation during exercise [105],
and can cause discomfort or irritation for individuals with skin
sensitivity [32].

While less-common, contactless approaches to muscle monitor-
ing have been explored including laser-doppler vibrometry [33]
and active sonar [108] but only focus on a single narrow point and
require precise alignment.

This paper presents GigaFlex, a mmWave radar-based system
for contactlessly measuring muscle output at the arm without any
body-worn devices or tags. We are inspired by rich recent work
on physiological sensing using radar, for e.g.: for heartbeats [14,
126], pulse [45, 72, 128], and breathing [70, 125]. However, sensing
muscle vibrations and quantifying fatigue levels through radar is
fundamentally more challenging, and to the best of our knowledge,
a problem we are first to explore. Perhaps closest to our work is
prior radar-based muscle activation sensing [109] which does not
quantify muscle output, a key metric to decide when to rest or
adjust effort to prevent injury [61, 77, 102].

GigaFlex’s primarily technical challenge is that unlike breathing
and heartbeats which are periodic and linear, muscle vibrations are
inherently aperiodic and nonlinear [47, 86], arising due to asyn-
chronous firing of motor units during muscle contraction [41]. The
resulting vibrations are bursty and broadband in nature, appearing
stochastic at first glance (Fig. 3). To mitigate this, we design a radar
sensing architecture that systematically infuses techniques from
Chaos theory and nonlinear dynamics to reveal the hidden and de-
terministic structure of muscle vibrations. Our architecture builds
on rich biomechanics literature [36, 42, 64, 69, 120, 121] where
Chaos theory has successfully modeled muscle dynamics measured
from accelerometers and electrodes. However, to the best of our
knowledge, we are the first to adapt these techniques to the domain
of radar sensing, and to extend them across our sensing pipeline.
Through this architecture, we are able to leverage a single radar
device to produce continuous measures of muscle output for static
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isometric exercises (e.g. static elbow flexion), and dynamic isotonic
exercises (e.g. concentric bicep curls) in a controlled environment.
We emphasize that this work focuses on establishing the algo-
rithmic foundations for chaos-inspired radar-based muscle sensing
in a controlled environment with a focus on exercises involving
the biceps brachii. Deployment in real-world environments with
diverse exercise types, clothing, and environmental clutter remains
future work.
The rest of this paper addresses the key technical components of
our design: (1) Spatial Localization - that tracks down radar signal
components that spatially correspond to muscles; (2) Temporal
Segmentation — that extracts relevant chunks of the signal relevant
to muscle activation, free of noise or other vibrations; (3) Muscle
State Learning — that processes the extracted signal to estimate
muscle force levels and quantitative fatigue metrics.

(1) Chaos-Inspired Spatial Localization: First, the inherent broad-
band and nonlinear nature of muscle vibrations makes it challenging
to localize and distinguish them from noise, reflections, motion, and
other biosignals, using conventional time-frequency filters. To address
this challenge, we leverage the inherent chaos in muscle vibrations
to tell apart muscles from other forms of body movements and noise.
Specifically, we empirically characterize the nonlinear properties
of radar reflections from chaotic vibrations induced by muscles
through recurrence plots and statistical hypothesis testing. We then
develop a hierarchical spatial filtering pipeline, at the heart of which
is an entropic “sieve” [34] that eliminates false-positives produced
through classical localization algorithms, and identifies regions of
high muscle activity.

(2) Chaos-Driven Temporal Segmentation: Second, during dy-
namic exercise, limb motion, a dominant source of noise, occurs in
the same spatial regions and frequency bands as the muscle vibration
itself. This makes it challenging to segment the signal and identify
when specific phases of an exercise take place, in particular the
flexing phase, which corresponds to the period of highest muscle
activation and force generation. An initial approach is to rely on
neural networks for end-to-end segmentation, but this can lead to
overfitting as it is challenging to collect a large amount of muscle
vibration data from a single person for training.

Instead, we once again draw from Chaos theory to quantify the
vibration signal’s determinism [120]. To do so, we reconstruct the
system’s state space using time-delay embeddings, and compute a
recurrence matrix that captures the predictability of the signal over
time. The determinism of this matrix is high during muscle vibration
and drops during periods of postural control, tremor and random
motion. We then use this metric to segment the period of the signal
contain flexing which is then passed “hint” to a downstream neural
network, guiding it to focus on relevant regions and learn mappings
between the signal and muscle output.

(3) Chaos-Informed Muscle State Learning: Third, as individu-
als differ in physiology, variation in muscle fibers, fat thickness, and
biomechanical dynamics results in muscle vibrations that can vary
drastically across users. As a result, it can be challenging to create
models that can generalize across users. We address this challenge
through a dual-model approach with multiple innovations: (a) we
develop a logistic regression model for fatigue detection that lever-
ages chaos-informed features capturing the nonlinear dynamics
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of muscle activation; (b) we design a neural network for force es-
timation that incorporates features invariant across individuals,
enabling better generalization; (c) the neural network models uti-
lize demographic-specific embeddings that encode the user’s BMI,
age, sex, and other attributes to account for individual differences,
and (d) we implement a few-shot, human-in-the-loop calibration
process that fine-tunes both models to individual users. The calibra-
tion process only takes less than a minute in practice (16 seconds
in our experiments), and can be integrated into a warm-up routine
before exercise, resulting in virtually no additional time cost.!

Contributions: Our contributions are as follows:

e We present the first proof-of-concept contactless radar-based
system that can estimate muscle output during isotonic and iso-
metric exercise of the biceps brachii using a chaos theory inspired
approach.

e In an IRB-approved study with 23 participants, our system
outputs percentage of maximum voluntary isometric contraction
(MVIC) with RMSE of 5.9%, which is comparable to a contact-based
IMU baseline. It is also able to detect 1-RIR with an AUC of 0.86
and 3-RIR with an AUC of 0.83 in a controlled environment.

e We evaluate our system across multiple sessions over a three-
week period involving 9 participants and show that our system
performance remains largely consistent over time.

2 Primer on muscle physiology

We provide a brief primer on the origin and importance of muscle
vibration and fatigue and how muscle output is typically measured.

2.1 The origins of muscle vibrations

When a muscle flexes, the brain sends an electrical impulse along
the spinal cord to the nerves and fibers. The coordinated firing of
thousands of nerves generates the mechanical power necessary
for movement and force (Fig. 2a). Although, this process appears
as a smooth steady motion, such as an arm or leg moving, each
muscle fiber produces tiny microscopic twitches that create subtle
mechanical displacements at the surface of the skin.

These firing patterns are asynchronous, occurring at different
times and rates as the brain activates different types of fibers to com-
bine fine motor control with rapid power generation. The resulting
surface vibrations have distinct characteristics:

(1) Broadband. They contain low and high frequency components,
with slow oscillations from slow-twitch fibers, and faster compo-
nents from fast-twitch fibers [60, 82].

(2) Nonlinear. The layers of tissue and skin above the muscle distort
the vibrations through uneven damping and amplification, resulting
in nonlinear transmission of energy to the surface [27, 76, 90].

(3) Pseudo-Stochastic. As muscle twitches overlap in time, the com-
bined signal appears stochastic and noisy. However, it should be
noted that the underlying muscle activities are ultimately determin-
istic because it is governed by the coordinated firing of motor units
that follow underlying rule-based dynamics [27, 60, 90].

'We note that calibration is standard practice among consumer wearables that perform
muscle sensing such as Athos compression apparel [11] and Myo armband [13], our
approach follows this established industry trend.
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We show in Fig. 2b,c an example recording of the muscle vi-
brations measured from a contact-based IMU and a radar (setup
details in Sec. 5). Here, we show the IMU acceleration recording
from the biceps brachii and the second-derivative of the radar signal
to obtain acceleration (details in Sec. 4.2). The plot shows that the
muscle vibrations are distinctly aperiodic in contrast to breathing
and heartbeat signals. It also shows that under ideal static condi-
tions the radar signal is similar to that captured from the IMU. We
note that the acceleration from the radar signal is slightly higher
as it captures reflections over a slightly larger area than the IMU,
includes from the body and environment, as well as additional noise
introduced during numerical differentiation.

2.2 The nature of muscle fatigue

Muscle fatigue is the transient reduction of maximal muscle force
output after sustained activation [41]. In other words, even when
the brain sends the same electrical signal, the muscle produces less
force due to the weakened efficiency of the muscle fibers. Detecting
muscle fatigue is important because once it sets in, individuals often
overcompensate with excessive effort, placing strain on the body
that can result in injury such as muscle tears and joint instability. It
is however challenging to detect fatigue as it can arise from multiple
sources of inefficiency from the brain-to-muscle pathway, and lacks
a single physiological marker. Furthermore, its expression can vary
widely between individuals due to physiological differences.

While scales like the Borg CR-10 [117] or rating of perceived
exertion (RPE) [96] being used to quantify the subjective perception
of fatigue, they only correlate moderately to physiological fatigue.
Further, these measures are known to vary based on an individual’s
sense of motivation and pain tolerance [54, 79, 107].

2.3 Measuring muscle force

Exercises that contract the muscles can broadly be categorized into
isometric (static) and isotonic (dynamic) exercises.

Isometric (static) exercises. These involve generating a force
without visible movement, such as keeping a dumbbell steady with
an outstretched arm [10, 22]. Here, the muscle contracts without
changing length to support the weight. Force output is often mea-
sured using maximum voluntary isometric contraction (MVIC), the
maximum force an individual can exert against a fixed weight.
When an individual is not fatigued, their exertion is expressed as a
percent of MVIC. When an individual becomes fatigued however,
their MVIC decreases [83].

MVIC is often measured by having individuals push or pull as
hard as they can against a static load cell, to measure a single peak
force value [83]. This can be extended into a continuous force ramp
or “sweep”, where force increases linearly over time, producing a
characteristic curve that reveals signs of fatigue [59]. Studying mus-
cle output in this context enables more controlled measurements
while minimizing confounding effects such as body motion.
Isotonic (dynamic) exercises. These involve rhythmic movement
where the muscle alternately shortens and lengthens in a cycle,
such as during a bicep curl or squat. Each repetition involves a
lifting (concentric) and lowering (eccentric) phase. These exercises
are measured using one-repetition maximum (1RM) which is the
maximum load that can be lifted once for a full cycle [50, 87, 101].
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Figure 2: (a) Neuromuscular origins of surface muscle vibration. (b) Experimental setup measuring muscle force output for the
isometric (static) exercise of elbow flexion. (c) Similarity between muscle vibrations at the bicep measured using a contact-based
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Figure 3: Muscle vibrations are broadband and look similar
to body motion in the (a) time and (b) frequency domain.

For example, if a person can complete one full bicep curl with a
5 kg dumbbell and cannot lift a heavier load, that weight represents
their maximum load, or 1RM. Training loads are often expressed as
a percentage of an individual’s 1IRM.

3 The case for a Chaos-inspired radar
In this section, we aim to show the following:

e First, we illustrate the broadband and pseudo-stochastic nature
of muscle vibration signals, and show why conventional time-
frequency based filtering methods do not work well.

e Second, we perform statistical analysis demonstrating that the
system is nonlinear, which is a key requirement for Chaos theory,
and thus motivates why Chaos theory is a good fit for this problem.

e Finally, we show how to visualize Chaos in muscle vibrations.

3.1 Limits of conventional filtering

When sensing periodic vital signs in particular breathing and heart-
beats, prior knowledge of the signal’s characteristic frequency range
is typically used to detect its presence and distinguish it from un-
wanted signals. This is however challenging in the case of muscle
vibrations which are broadband (Fig. 3). As can be seen in the figure
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the vibrations have a similar profile to body motion, and can be chal-
lenging to distinguish. Furthermore, the characteristic frequency
range differs from person to person, making it challenging to create
a global frequency filter even in perfectly static conditions [21, 98].

3.2 Statistical evidence of Chaos in muscle
vibrations

Given that muscle vibrations are known to be nonlinear while ema-
nating from the deterministic process of motor units firing, we turn
to Chaos theory which is designed to model precisely such systems.
In fact, prior work [64, 91, 92, 97] has modeled mechanical and elec-
trical muscle vibrations using Chaos theory. By extension, the radar
reflections arising from the same underlying muscle vibrations
should, in principle, exhibit comparable Chaotic characteristics.

Surrogate testing framework. To determine if this is indeed the
case, we leverage a surrogate data testing framework [100] which is
a statistical testing framework that distinguishes nonlinear Chaotic
systems to linear ones. The high level idea is to generate surrogate
signals of the muscle vibrations that retain its linear properties. In
other words, it maintains the same frequency spectrum and ampli-
tude distribution, but does not have any of its nonlinear properties,
should there be any that exist in the signal. If measures of nonlin-
earity differ significantly between the signal under test and these
surrogates, then the original signal is deemed to contain genuine
chaotic dynamics.

Testing realworld and simulation signals. We ran our surrogate

data testing framework on both simulated and real-world signals
using 100 surrogate signals using the Iterative Amplitude Adjusted
Fourier Transform method [100], and quantify the level of chaos
using sample entropy which characterizes the irregularity of the
signal [95], and correlation sum which characterizes the density of
the signal’s recurrence matrix (Sec. 3.3) [49]. We summarize our
results in Table 1 below:

e Simulations of linear signals (white noise and AR(2)) showed
that their behavior was not significantly different from the linear
surrogates, suggesting no strong evidence of chaos.
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Figure 4: Recurrence plots for different scenarios: static isometric exercise, dynamic isotonic exercise, and noise. These plots
show how similar a muscle signal is to itself over time. Dark cells indicate when there is a repeated pattern.

Table 1: Statistical testing of nonlinearity in signals. p-values when a system revisits a similar state, and a recurrence plot is a
below 0.05 indicate rejection of the null hypothesis that the symmetrical N x N time-time mapping of those revisits, where
signal is linear, and supports the hypothesis of deterministic each point in the array encodes whether two states are close in the
. . sk
nonlinear dynamics. ** means p < 0.01. state space. These recurrence plots not only visualize Chaos but
Signal Type Sample Entropy  Correlation Sum are also a key.prm.ntlve that undérhes the techniques used as part
(p-value) (p-value) of our Chaos-inspired radar architecture.

Simulation: Linear Stochastic 3.3.1 Understanding recurrence plots. Fig. 4 shows the recurrence
White NOlS? 025 027 plots of the muscle vibrations measured by the radar for static
Autoregression (AR) 0.25 0.41 isometric and dynamic isotonic exercises, as well as noise. The

Simulation: Known Chaos figure show the following:

Lorenz Attractor [110] ' e Black regions in the plot are indicative of similar vibration pat-

Real-world: Physiological terns, while white regions indicate different or no regularity.
Muscle Vljbratlon (60% MVIC) " . o Static isometric exercises. The clear diagonal lines represent regu-
Body Motion . . . L .

lar, repeating vibration patterns, which is expected since the muscle

Real-world: Environmental length remains constant and the contraction is steady under con-

Noise 0.08 0.17

trolled conditions.

e Larger isometric forces. Results in denser and more continuous

e A simulation of the chaotic Lorenz attractor [110] had p-value < diagonal stripes indicating vibration patterns that repeat more.

0.01, rejecting the null hypothesis of linearity, which is expected. e Dynamic isotonic exercises. The muscle shortens and lengthens

e Real-world signals of muscle vibrations and body motion had with each cycle, so in contrast, the patterns are more broken and

p-value < 0.01. We reject the null hypothesis and show they exhibit are less uniform.
deterministic nonlinear dynamics consistent with chaotic behavior. o Concentric (lifting) phase shows stronger and denser patterns vs.
Using measures of Chaos we can heuristically distinguish between eccentric (lowering) phase which has more scattered patterns.

these two types of signals for localization and segmentation. o Noise. Random scattered patterns with less geometric structure.

e Environmental noise had p-value 0.08, which does not meet the
significance threshold. We fail to reject the null hypothesis and 4 GigaFlex architecture
show that the signal is consistent with a linear stochastic process.

4.1 Bringing Chaos theory to radar sensing

In summary, this statistical analysis shows that the muscle vibra-
tions as measured by the radar do exhibit nonlinear characteristics
and motivate the need to use Chaos theory as opposed to con-
ventional linear models which would not be able to capture the
nonlinear dynamics of the signal.

Now that we have tested for chaos in muscle vibrations and visu-
alized the chaos, the next question is how techniques from Chaos
theory can be leveraged to sense these vibration signals effectively.

In this section we describe our approach to weaving different
techniques from Chaos theory into the classical radar sensing and
3.3 Visualizing Chaos learning architecture to address the core technical challenges out-
lined in the Introduction to obtain the muscle vibration signals.

While statistical tests are useful to provide quantitative assurance Specifically, we describe:

the muscle vibrations are indeed Chaotic, it would be useful to have
a visual method to illustrate these dynamics.

An established technique of visualizing the Chaos within signals
is to plot its recurrence which captures the deterministic nonlinear (2) A temporal segmentation algorithm to extract the period of
dynamics of chaotic systems [80]. Intuitively, recurrence captures maximal muscle activation using determinism.

(1) A hierarchical two-stage spatial filtering pipeline using an en-
tropic “sieve” to guide the localization of the muscle vibration
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(3) A learning pipeline to adapt to differences across individual
physiology using chaos features and demographic embeddings.

4.2 Basics of radar-based muscle vibration
sensing

We first begin with a brief overview of how radar sensing works to
measure the muscle vibration under idealized conditions (Sec. 4.2).

4.2.1 Measuring skin displacement. Using a mmWave radar, our
system transmits frequency-modulated continuous wave (FMCW)
signals to capture the subtle skin surface vibrations induced by
muscle contractions. It transmits at 77 GHz with a frequency slope
of 63.343 MHz/us. As minute displacement variations at the skin
surface change the round-trip propagation distance d(t) between
the radar and the skin [15], we analyze variations in the received
signal’s phase ¢(t) to extract the muscle vibration signal, given by:

sy = T2 g, o)
where A represents the wavelength of the transmitted signal and

¢o denotes the initial phase offset.

We look at the acceleration of the signal instead of the displace-
ment to emphasize the signal changes associated with the muscle
vibrations. The radar phase signals first undergo bandpass filtering
(5-100 Hz, 5th-order Butterworth) to isolate the muscle vibration
band while removing DC drift and high-frequency noise. We then
obtain the acceleration using a numerical finite difference method
for the second derivative [12, 127]:
4d(to) + [d(t1) +d(t-1)] - 2[d(t2) +d(t-5)] - [d(13) +d(t5)]

16 (At)?

d’(t) =

@
where At represents the sampling interval, and d(¢;) denotes the
displacement i samples away. This preprocessing pipeline enhances
the underlying system dynamics for chaos analysis by removing
noise components that can obscure the deterministic muscle vibra-
tion patterns. Since chaotic dynamics are sensitive to noise, filtering
the signal to retain only the physiologically relevant frequency
band strengthens the recurrence structures and improves the reli-
ability of nonlinear features extracted from the muscle vibration
system [116].

4.2.2 Isolating the muscle vibration using spatial filtering. On our
radar, we use 2 transmitter and 4 receive antennas, forming a virtual
array of 8 antennas that enables beamforming towards the region
of muscle vibration. To isolate the signal, we employ range-angle
processing by applying a two-dimensional Fast Fourier Transform
(2D-FFT) on the raw radar data. First, a range FFT ¥ is applied along
the fast-time dimension to distinguish reflections from different
distances. We obtain the frequency components:

Xn = F[x[t]] ©)
where x[t] represents the discrete ADC samples and n is the range
bin index from 0 to N. Next, an FFT is applied across the antennas

to separate reflections along the angular dimension. Zero-padding
is applied to enhance angular resolution:

Xno = F [Xnlrl] 4)

where 6 represents the azimuth angle bin index and r is the receiv-
ing antenna index. This process spatially decomposes the radar’s
point of view, allowing the signal to be measured at distinct range
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and angle bins. However, selecting the range of bins that correspond
to the target muscle region is challenging given the broadband na-
ture of the signal, and the presence of body motion during dynamic
exercise. To design an appropriate bin selection strategy, we char-
acterize the muscle vibration signal in this idealized setting using
Chaos theory as described in the next subsection.

4.3 Localization with an entropic sieve

In this section, our goal is to find the spatial region with the muscle
vibration. To do this, we present a hierarchical two-stage pipeline to
perform spatial filtering and intelligently select the region contain-
ing the muscle signal. The first stage uses, Constant False Alarm
Rate (CFAR), a classical radar localization algorithm as a coarse-
grained filter. We show why this technique alone is not sufficient at
localizing the muscle signal. The second stage uses a Chaos-based
metric of signal regularity known as entropy (ENTR). The metric’s
sensitivity to signal regularity allows it to distinguish muscle ac-
tivation by quantifying the change in variance caused by varying
contraction lengths and torque directions.

Stage 1. Constant False Alarm Rate (CFAR) is a widely used al-
gorithm [94] for automatic spatial selection of targets using radar in
cluttered environments. The idea is to maintain a constant probabil-
ity of false alarms despite varying noise. It does this by dynamically
estimating noise power in a window around each range-angle bin,
and only selects that bin as containing the muscle signal if it ex-
ceeds an adaptive threshold. Specifically, a cell under test (CUT)
with power Pcyr is declared as a detection if:

Pcyt > a Py (5)

where Pn = NLT Zf\fl P; is the average noise power estimated from
Nr training cells surrounding the CUT (excluding N guard cells),
and the threshold scaling factor o is determined from the desired
false alarm rate P, as:

a

@ =Np (Pf_l/NT - 1) )

Here, we apply a two-dimensional Cell Averaging Constant False
Alarm Rate (2D CA-CFAR) detector with training cells (Tr, Ta) =
(3,1), guard cells (Gr, Ga) = (1, 1), and probability of false alarm
Pg, = 0.08. We show in Fig. 5a that the algorithm highlights regions
of higher reflections. While this includes the region of the muscle,
it also contains reflections from different regions of the body such
as the knee and the environment. This is because CFAR relies only
on the power of the signal reflection but does not leverage other
features of the signal to distinguish the muscle from other objects.

The key challenge, however, lies in the trade-off between sensi-
tivity and specificity: increasing the threshold for signal detection
to suppress false positives also causes the subtle muscle vibration
to fall below the detection limit. This trade-off motivates the need
for a second stage that moves beyond energy detection and instead
exploits the Chaos characteristics of the signal for detection.
Stage 2. Entropic Sieve. Next, we use entropy (ENTR) [80] to
characterize the time-series signal in each range-angle bin. Specifi-
cally, entropy is used to characterize if the signal in a spatial region
exhibits a relatively stationary and complex signal versus static
reflectors from other parts of the body or dynamic motion from the
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Figure 5: (a) Muscle localization via entropy. Classical radar localization using CFAR produces false positives from body
movement (@ knee movement) as well as motion in the environment (' dumbbell motion), and can only be used as a coarse-
grained filter. The Chaos dynamics of muscle vibrations can be characterized using an entropic “sieve”, cgnTR, where values
below a certain threshold can be discarded, and the maximum value can be regarded as the muscle vibration signal. (b)
Segmentation of lifting phase via determinism. Relying on radar displacement to determine the start and end of a lift is
unreliable because the signal is often contaminated by small tremors and subtle body motions. In contrast, determinism (DET)
metric captures the temporal regularity of muscle vibrations, enabling more precise segmentation of the lifting phase.

environment that do not, and is defined as:

N
ENTR = — Z p(DInp(l)

I=lmin

@)

where p(I) denotes the normalized probability distribution of diag-
onal line lengths [ in the recurrence plot, and Iy, is the minimum
diagonal length considered.

In our design, we look at non-overlapping 1-second windows
over a 10-second period and look at the standard deviation of the
10 entropy values, opNTR, for each range-angle bin. The bin within
the top 5 ogNTR that has the highest signal strength is then selected
as the muscle region of interest.

We note that in the context of the static isometric exercise of
pulling on the load cell, the muscle region of interest does not
change. While in the dynamic isotonic exercises evaluated in our
paper, the muscle region of interest, specifically the bicep area,
remains relatively still, while the forearm moves dynamically. In
our paper, we focus on analyzing the muscle region of the static
forearm. During our experiments, we only need to perform a one-
time calibration per set of bicep curls to localize the muscle region.

4.4 Determinism-driven signal segmentation

Now that we have identified the spatial region containing the mus-
cle region, our goal is to segment the time period when the muscle
is of highest activation. In the case of static isometric exercises,
this is simply when the user starts tensing their muscles. In the
case of rhythmic dynamic isotonic exercises with lifting (concen-
tric) and lowering (eccentric) cycles, and sometimes holding in
between, our goal is to isolate the concentric phase. The concentric
phase contains increasing amounts of vibration as it produces more
force, while during the eccentric stage the muscle generates more
vibration impulses as it passively releases the weight, controlling
the downward speed. During the holding stage, there is random
unwanted tremor as the arm tries to balance the weight.

We illustrate why this is challenging in Fig. 5b, where the user
performs a full bicep curl cycle with the a ground truth measure of
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the elbow angle as measured using the camera. The elbow angle is
reconstructed using the ViT-Pose reconstruction library [122] and
angle computed. When analyzing the radar reflection we note that
the peaks of the signal do not line up with the ground truth angle.
This is because the signal is contaminated with minor body motion
such as low-amplitude tremors and shaking of the bicep, although
it the body remains relatively still from a macro perspective.

To address this, we again turn to Chaos theory which has been
used to analyze other time-series biosignals including electrical
electrocardiogram (ECG) and optical photoplethysmogram (PPG)
signals for recurrency [81, 85]. We use the determinism (DET) [115]
metric which quantifies the amount of temporal regularity in the
system and can be used to distinguish between different events in
a signal over time and is defined as:

SN 1)
2ijRij
where R; ; is the binary recurrence matrix, P(l) is the count of
diagonal lines of length [, and I, is the minimum line length
included We apply this to the selected range-angle bin, and compute
DET using a window size of 1-second, with a moving window with
overlap of 0.1 s. We show in Fig. 5b that the DET metric follows the
same trend of the elbow angle through the concentric phase.

To precisely segment the concentric phase from the continuous
muscle activity signal, we first apply a savgol_filter (window
length 0.15 s, polynomial order 3) to smooth the signal. We then use
peak detection on the DET metric to identify potential repetition
boundaries, followed by tangent-based foot-point estimation to
determine the exact starting point of each concentric phase. Specifi-
cally, we fit a linear regression model to a 10-sample window on the
ascending slope of each peak and extrapolate it to its intersection
with the local minimum value, marking the precise onset of the
concentric phase. This method provides robust segmentation, as
the tangent-based approach captures the overall trend of muscle
activation rather than being sensitive to local fluctuations. We note
that this step introduces approximately 0.5 s of processing delay
due to the sliding window computation.

DET ®)
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4.5 Chaos-informed learning of muscle state

Now that we have located and segmented the signal to isolate
muscle response patterns, our goal is to estimate MVIC levels to
accurately quantify the user’s exerted effort and detect muscle
fatigue. We note that force estimation and fatigue detection serve
distinct but complementary roles. Force estimation helps users
verify they are exercising at their target intensity (e.g., confirming a
lift is at 70% of capacity), and assumes a non-fatigued state. Fatigue
detection monitors the progression toward muscle failure to prevent
overexertion.

4.5.1 Limits of conventional force estimation methods. Conven-
tional methods for muscle force estimation, rely on a signal root
mean square (RMS) amplitude value as a coarse-grained measure
of force. Fig. 7 shows that RMS increases as a function of MVIC%
for the radar and IMU data collected across all subjects in our study
from MVIC levels of 10 to 80% in increments of 10%. However,
the error bars between different MVIC levels overlap. We quan-
tify this by computing the overlap percentage between error bar
ranges (mean * standard deviation) for two adjacent MVIC levels
with ranges [p1 — 01, pi1 + 01] and [p2 — o9, p2 + 02]. The overlap
percentage is calculated as:

max (0, min(p + o1, pz + 02) — max(pn — o1, g2 — 02))

max (py + o1, 2 + 02) — min(py — o1, fiz — 03)

X 100
©
Radar RMS measurements showed an average overlap of 67%,

while IMU RMS measurements exhibited 48.1% average overlap

indicating substantial overlap. This analysis shows simple statistical
features cannot reliably discriminate between different force levels,
motivating the need for a learning-based approach.

Overlap (%) =

4.5.2  Learning-based force estimation for isometric exercise. Below
we describe key features of our learning-based approach.

Spatial aggregation of muscle vibrations. As muscle vibrations
ripple across multiple spatial bins we use the 9 adjacent bins around
the bin selected by our Chaos-inspired localization algorithm as
input to our model. The challenge however is that neighboring bins
also introduce additional noise. To suppress this noise, we apply a
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Figure 7: Conventional amplitude based force estimation
methods exhibits substantial overlapping error bars across
force levels for both radar and IMU, motivating the need for

a learning-based approach.

spatial pooling block [128] that reduces the dimensionality from 9
bins to 3 bins.

Modeling fast and slow twitch vibrations. Inspired by U-Net’s
effectiveness at time-series feature extraction, we adapt its encoder
architecture for our muscle vibration sensing system. As muscles
have slow and fast-twitch fibers that give rise to vibrations of
different amplitudes, we design our architecture to have a hierarchy
of convolutional branches that capture fine-grained rapid muscle
fiber vibration and coarse-grained force patterns using different
kernel sizes. To reduce the effect of noise, we leverage channel-wise
attention using Squeeze-and-Excitation (SE) blocks [58] which are
trained to focus on muscle activation patterns.

Raw 1I/Q signals. Phase signals suffer from instability near zero-
crossing with environmental noise, causing the second derivative
of radar phase to exhibit clutters that obscure underlying muscle
vibration patterns. Due to this, we use raw I/Q channels as input
features rather than the derived phase signals.

4.5.3 Addressing cross-subject variance. Individual differences in
muscle composition, mass, and biomechanics make it challenging
for models to generalize to unseen individuals. To address this
challenge, we leverage three different strategies:

Signal normalization. Using the calibration data, we compute
subject-specific mean and standard deviation values to perform
z-score normalization on subsequent measurements. This normal-
ization removes baseline amplitude offsets between subjects.
Demographic embeddings. We incorporate subject-specific de-
mographics (age, sex, height, weight, BMI, skin fold thickness, gym-
goer status) as an embedding into the model. This is important
given that some attributes such as body-mass index (BMI) can play
a significant role in the shape of the muscle outputs.

4.5.4 Regression formulation on MVIC estimation. Although our
protocol instructs subjects to maintain a constant force at MVIC
levels at multiples of 10%, in reality it is challenging to maintain a
perfectly consistent muscle force output. Given this reality, we for-
mulate the problem of muscle output prediction to be a continuous
regression problem, where we use the mean normalized load-cell
force over each 0.4 s radar window as ground truth.
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4.5.5 Fatigue detection and isotonic force estimation with Chaos
Features. For static, isometric contractions, fatigue is considered
to have occurred when MVIC drops by 30% [112]. For dynamic,
isotonic contractions, we quantify fatigue using the Repetitions in
Reserve (RIR) metric [93], where 1-RIR corresponds to near maximal
exertion and imminent muscle failure, while 3-RIR corresponds to
high intensity effort and approaching muscle failure. We note that
because it takes 24-48 hours of recovery from fatigue, participants
are only able to be tested once for fatigue in a particular session.

In our system, we leverage Chaos features extracted from the
recurrence plot including entropy (ENTR), vertical line entropy
(ENTR,), and DFA scaling exponents, which are known to be in-
variant to fluctuations in vibration amplitude and small changes
in orientation. These features are then input into a logistic regres-
sion which we find is sufficient at producing performance results
comparable to an IMU baseline.

4.5.6  Few-shot calibration protocols. For isometric force estima-
tion, we employ a brief per-subject calibration protocol. For each
new subject, we record their maximum voluntary isometric contrac-
tion (MVIC), and 2 seconds of isometric contractions at force levels
ranging from 10-80% MVIC in 10% increments. This brief 16-second
calibration can easily be incorporated into a normal warm-up rou-
tine. The resulting dataset is then used to fine-tune the pre-trained
model for that individual.

We note that fatigue detection and isotonic force estimation
do not require per-subject calibration or few-shot adaptation, as
logistic regression achieves stable cross-subject performance in
these binary classification tasks.

4.5.7 Training methodology. For the isometric force estimation
model, we employ a two-stage pipeline. The model is pre-trained
across multiple subjects using the AdamW optimizer (learning
rate 5 x 10~4, weight decay 0.03, Cosine Annealing scheduler) for
100 epochs on 0.4-second segments (400 samples at 1 kHz). This
window size was selected as muscle vibrations do not fall below 5
Hz (0.2-second segments) [90].

For fatigue detection and isotonic force estimation, we use a
logistic regression model that leverages both conventional linear
statistical features and non-linear chaos features for classification.

5 Study design

5.1 Hardware setup

Our radar-based system uses a Texas Instruments AWR1843BOOST
millimeter-wave radar [6] configured at 512 samples per chirp at a
1000 Hz frame rate. The radar is positioned 40 cm from the biceps
(Fig. 2b). Our setup includes the following sensors:

e Ground truth reference of muscle output. A load cell pro-
vides a measure of muscle output during the isometric exercise
of static elbow flexion. The load cell uses a 100 kg S-type tension
sensor interfaced with an ADS1256 24-bit ADC [2] connected to an
Arduino R4 Minima [5], that samples at 1000 Hz. A rope connects
the load cell to a wrist band, enabling controlled force application
during isometric exercises (Fig. 2b).

¢ Baseline mechanomyography measurements. The IMUs
(LSM6DSOX [1]) are positioned at the short head of the biceps
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brachii using medical tape. The IMUs are connected to an Arduino
DUE [4], that samples at 1000 Hz. The placement of the IMU do not
interfere with the radar measurements. This is because the muscle
vibrations propagate across the entire muscle area, and the radar uses
reflections across multiple regions for processing.

e Ground truth reference of muscle location. This is captured
using a camera (Arducam OV9782 [7]) with 100-degree field-of-
view lens, co-located with the radar. Fiducial markers were placed
on the participant’s bicep, and the muscle centroid was identified in
the camera frame using the ViTPose library [122]. Camera-to-radar
coordinate mapping was established through a one-time spatial
calibration using a corner reflector at known positions.

5.2 Participant demographics

We conducted a human subjects study at our university campus
that was approved by our Institutional Review Board (Protocol
#STUDY2025_00000178). For all participants, written informed con-
sent was obtained. We recruited 23 participants (Fig. 8) with a mean
age of 23 + 3 years, the mean height was 175 + 8 cm, and weight
was 78 + 15 kg. From these measurements, we also computed
body mass index (BMI) [3], which was on average 25 + 4 kg/m?.
Using standard anthropometric equations [43, 57], we computed
fat-to-muscle ratio which was on average 0.4 + 0.2.

5.3 Experimental protocol

All participants rested for at least three days prior to their first
session to ensure full muscular recovery. Subjects completed a stan-
dardized warm-up and familiarization session with the apparatus.
The experimental protocol is divided into three phases:

(1) Isometric (Static) Force Estimation. This was evaluated
through elbow flexion with a load cell. We first conduct a base-
line measurement of MVIC (Sec. 2) by having participants pull at
the load cell as hard as they can. Next, we measure a continuous
force profile [89] by having them linearly increase their muscle
exertion from 0 to 80% over 6.75 s using the visual feedback of load
cell output as a guide. Finally, we record the muscle vibrations when
the participant pulls and holds at the load cell at discretized MVIC
levels from 10-80% in increments of 10%, at randomized levels.

(2) Isotonic (Dynamic) Force Estimation. This was evaluated
through concentric bicep curls. We find the participant’s 1RM by
providing them with progressively heavier dumbbells and instruct-
ing them to perform bicep curls at a controlled tempo consistent
with prior protocols [23]. Following this, participants performed
three repetitions of bicep curls at four load levels corresponding
to 10, 30, 50, and 70% of their 1RM, with 2-minute rest intervals
between load conditions.

(3) Detecting Muscle Fatigue. Using established protocols from
prior biomechanical literature [16, 41], we induced fatigue by hav-
ing participants perform concentric bicep curls at an intensity of
40% 1RM at a frequency of 6 s per repetition until they could no
longer complete a full repetition. An MVIC strength measurement
and continuous force profile is taken before and after this procedure
as a measure of pre- and post-fatigue muscle output levels.

For isometric exercises, participants were seated with their upper
forearm extended horizontally and the radar positioned 40 cm from
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Figure 8: Demographic summary of participants in the human subjects study.
the biceps at a frontal angle. For isotonic exercises, participants leave-one-subject-out run, we trained on the remaining participants
were seated on a bench with the radar similarly positioned facing and calibrated on that subject’s data for each day. Fig. 9c shows
the upper arm. In both cases, the radar-to-skin alignment was fixed performance over time with the MVIC error at 9.5% in Week 1,
and participants did not change position during a trial. 9.5% in Week 2, and 9.3% in Week 3. The modest variation of 0.2%
To assess system performance over time, 9 participants repeated over three weeks suggests that our system’s algorithms are able
the protocol over three weeks, with one-week intervals between to adapt to changes across different session in particular small
sessions. changes in sensor positioning, as well as physiological changes
such as hydration status and baseline muscle state at the start of a
6 Evaluation session.
We evaluate our system’s performance at force estimation for iso- . . . X
metric (static) and isotonic (dynamic) exercises, as well as fatigue 6.2 Isotonic (dynamic) force estimation
detection, finally we perform benchmark experiments evaluating We evaluate isotonic force estimation accuracy using data collected
different aspects of the system pipeline, and across different experi- during concentric bicep curl exercises, with loads determined by
mental scenarios. each subject’s one-repetition maximum (1RM) (Fig. 10).
We follow the same Leave-One-Subject-Out cross-validation
6.1 Isometric (static) force estimation protocol. We perform binary force classification, and categorize

10% and 30% 1RM as light effort and 50% and 70% 1RM as heavy
effort. We note that end-to-end force estimation during dynamic
isotonic force estimation represents a challenging scenario due to
substantial motion artifacts of the arm. We show in Fig. 10 that our
contactless approach achieves an AUC of 0.74, which is comparable
to the contact-based IMU baseline (AUC = 0.75), even in the presence
of dynamic motion.

We evaluate isometric force estimation accuracy using data col-
lected during elbow flexion exercises, with load cell measurements
serving as ground truth labels. We use Leave-One-Subject-Out
cross-validation with fine-tuning. We train on all but one held-out
subject, fine-tune on a 2-second MVIC calibration segment per force
level for 20 epochs, and evaluate using 2-second windows. This is
repeated for all subjects. This methodology is also used to compute
baseline results from the IMU data. We use the z-axis of the IMU . .
because it is along the axis of vibration. 6.3 Fatigue detection performance

Both fatigue detection and proximity-to-failure prediction follow

6.1.1  Single-Session. Fig. 9a presents MVIC estimation root-mean- the same Leave-One-Subject-Out cross-validation protocol.

square error (RMSE) across all 23 participants, comparing our radar-

based system against an IMU-based baseline. We note that the use 6.3.1 Detecting fatigue from isometric exercise. We profile each
of IMUs to measure muscle vibrations via mechanomyography participant’s continuous muscle force outputs before and after in-
(MMQ) is a widely used approach in the space of muscle force out- ducing fatigue through isometric exercise. Fig. 11a shows ROC
put sensing. Our contactless radar approach achieves comparable curves comparing our radar-based system against contact-based
performance to contact-based IMU sensors, with RMSE of 7.2% and IMU baseline measurements. Our approach achieves an AUC of
6.0% MVIC, respectively. 0.77, outperforming the wearable baseline (AUC = 0.63) by 22%.

Subgroup analysis. We perform a subgroup analysis across BMI o o )

and find that individuals who are in the BMI categories of under- 6.3.2  Predicting proximity to muscle failure. We evaluate our sys-
weight/normal had an MVIC error of 9.4%, while for those in the tem’s ability to detect proximity to muscle failure 1 and 3 repetitions
overweight/obese category, their MVIC error was 9.5%, suggesting before it occurs (also known as 1-RIR and 3-RIR respectively). 1-RIR
that our system works comparably across individuals of different corresponds to near maximal exertion and imminent muscle failure,
compositions. while 3-RIR corresponds to high intensity effort and approaching
Error Distribution Analysis. Fig. 9b shows the cumulative dis- muscle failure. We show in Fig. 11b,c that using logistic regression
tribution function (CDF) of force estimation errors. Our system with Chaos features from detrended fluctuation analysis (DFA), our
achieves a median error of 5.9% MVIC, with the 95% percentile of system achieves 88% accuracy (AUC = 0.86) for 1-RIR detection

18.0% MVIC. This is similar to the IMU baseline with median error and 777% (AUC = 0.83) for 3-RIR detection, compared to 82% (AUC
of 4.9% and 95th percentile error of 15.7%. = 0.73) and 64% (AUC = 0.72) respectively for IMU-based sensing.

We note that the DFA features are valuable as they quantify long-
6.1.2  Performance across time. To assess performance over time, range correlations in muscle activation patterns that deteriorate
nine participants completed three sessions one week apart. For each progressively with fatigue accumulation.

283



GigaFlex: Contactless Monitoring of Muscle Vibrations

= N\%

©
n
of
N
(RN

11 12 13 14 1
Participant

25
BN GigaFlex
Mean: 7.2%
20 ZZZ1 IMU (Baseline)
~ Mean: 6.0%
o
215
=
g
w
®» 10 5]
2 i
L 7
7 7 7 74 b 7
] W By B W 4 7
7 g v W 7 W )
] 4 W N N 7 W W 7
7] W WY N Z W N 7
7] {l WY WY Y Y W 97!
1 N 7 7 / 94
707 1 i N4 Y V i
8 8

) 7|
1 2 3 4 5 6 7

©
o

SenSys '26, May 11-14, 2026, Saint Malo, France

b (¢
1.0 25
GigaFlex
0.8 G20 IMU (Baseline)
2
06 —— GigaFlex ]
Median: 5.9% L
%]
0.4 95th: 18.0% b=
— — IMU (Baseline) e
02 Median: 4.9%
95th: 15.7% A
Week 3

Week 1 Week 2

0 10 20 30 40 50 60
RMSE (% MVIC)
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Figure 10: Isotonic (dynamic) force evaluation. We perform
binary classification between light effort (10-30% 1RM) and
heavy effort (50-70% 1RM).

6.4 Benchmarks

Spatial localization performance. We assess the performance
of our entropic sieve for muscle localization during dynamic exer-
cises. Fig. 12a compares our two-stage pipeline combining CFAR
and an entropy-based filter against the conventional approach of
only using a CFAR-selected region with maximum signal strength.
Our approach and the conventional approach achieve comparable
median errors of 7.8 and 6.5 cm respectively, while our approach
reduces the 95th percentile error from 35.3 cm to 26.0 cm.

The median localization error of 7.8 cm is within the approximate

length of the biceps brachii (~10-15cm), meaning the selected
radar bin still falls within the target muscle region. Any residual
misalignment is further mitigated by the spatial aggregation step
(Sec. 4.5.2), which pools signals across 9 adjacent bins.
Temporal segmentation performance. We evaluate the perfor-
mance of our determinism-based (DET) approach for detecting rep-
etition boundaries during resistance training. Our results in Fig. 12b
show a median temporal error of 0.7 s for our Chaos-informed radar
method, which outperforms the radar phase signal baseline which
has a 1.5 s error. When participants near muscular failure, their
muscle vibrations become more irregular. However this only has a
modest effect on our temporal segmentation, increasing error by
only 0.164 s when compared to a participant’s non-fatigued state.

284

Effect of distance. We evaluated MVIC error for a single subject at
distances of 40, 80, and 120 cm from the radar for isometric elbow
flexion. We show in Fig. 12c that average RMSE increases slightly
with across the tested distances from approximately 7% to 9%. The
results demonstrate that for practical operating distances, MVIC
error are within acceptable use.

Effect of different environments. Fig. 12d shows system per-
formance across three distinct indoor environments: (1) a lab with
non-metallic furniture, (2) a lab with metal equipment and shelv-
ing, and (3) an open workspace with computers and furniture. The
modest variation in RMSE of approximately 2% between scenar-
ios shows the system works well across different environmental
conditions.

7 Discussion, limitations, and future directions

Evaluation on individuals with muscle injuries. An impor-
tant potential application of this technology lies in monitoring
the progress of physical rehabilitation for patients with muscle in-
juries such as strains, bruising or anterior cruciate ligament (ACL)
tears [18]. In ACL rehabilitation in particular, even after meeting
standard clinical discharge criteria, athletes often exhibit residual
biomechanical asymmetries in muscle force generation that can be
measured during vertical jumps, particularly during the concentric
(push-off) phase [56, 66, 67]. While such asymmetries are conven-
tionally measured using large and expensive force plates [8, 9], the
ability to track these asymmetries using our radar system could be
a convenient way to track rehabilitation progress and reinjury risk
particularly in a home setting [31, 40, 68].

Scaling to complex exercise scenarios. A limitation of our sys-
tem is that it has only been evaluated on a single type of isometric
and isotonic exercise, specifically elbow flexion and concentration
bicep curls respectively, in controlled lab settings. The reason for
this is that these exercises minimize confounding factors such as
posture variation and occlusion, providing a controlled experimen-
tal setup suitable for developing a proof-of-concept radar system
for tracking muscle force output. A natural extensions to this work
would consider how it can adapt to exercises of increasing diversity
and complexity, including:

o Across muscle groups. Our evaluation is focused on a single mus-
cle group, the biceps brachii. We selected this as neighboring upper
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Effect of distance and environment on MVIC error.

arm muscles occupy distinct anatomical regions, simplifying local-
ization. Future work could extend the system to other regions of
the body including legs, abdomen and chest. This would require
addressing new sources of cross-talk and interference. For instance,
the effects of breathing and heartbeats would be more pronounced
at the chest, while the abdomen has several closely spaced muscles
facing in the same direction.

o Across exercise modalities. Our system has not been evaluated
on aerobic or full-body exercises involving large body movements
such as running, cycling, or rowing. While there have been recent
papers [26, 48] on mmWave sensing for respiration and heartbeat
under significant motion artifacts such as running, future work is
needed to investigate the extent to which mmWave sensing could be
used for muscle sensing in high-mobility and motion-rich scenarios.

o Across real-world environments. Our system was evaluated in
a controlled lab setting. Real-world environments introduce ad-
ditional challenges, including multipath reflections from metallic
equipment, interference from nearby users, and diverse room ge-
ometries. Integrating the device into existing gym equipment (e.g.,
bicep curl machines, preacher curl benches, and cable curl stations)
would enable evaluation under these more challenging conditions.

o Effect of clothing. All experiments were conducted with the radar
facing exposed skin. This is because in a gym setting, the target
muscles (e.g., biceps) are often exposed or covered by only a thin
layer of fabric. While we did not evaluate the effect of clothing,

prior work on radar-based vital sign sensing has shown reliable
operation through typical garments [29, 51, 72]. Because thin layer
of fabric is smaller than the radar wavelength.

o Effect of radar distance, tilt angle and user posture. Our main eval-
uation was performed at a fixed distance of 40 cm with the radar
directly facing the skin. Our benchmarks show that our system
performs with modest degradation up to 120 cm. The effect of in-
direct tilt angles between the radar and the participant, as well
as varied postures remains unexplored. Since the relative angle
governs which skin surfaces are visible to the radar, mapping the
full angular sensitivity is a natural next step.

Flexible metasurfaces for multi-muscle detection. Prior work
on flexible metasurfaces [24], which was originally developed to
aid mmWave-based wrist pulse monitoring by amplifying the pulse
motion, could be adapted for for muscle sensing and applied in a
sticker or tattoo-like form factor. In particular, such metasurfaces
could aid in simultaneously detecting the vibrations of multiple
muscles, including those that may not be directly aligned with the
radar.

Calibration considerations. In our isometric force estimation
task, calibration requires an MVIC measurement in which users
exert near-maximal force against a fixed resistance. Following guide-
lines from the American College of Sports Medicine [20], we per-
formed this under supervision in the lab due to injury risk. However,
practical unsupervised deployments in real-world scenarios could

285



GigaFlex: Contactless Monitoring of Muscle Vibrations

be enabled through safer alternatives that only require exertion to
50% MVIC [88]. System performance under these relaxed protocols
remain future work.

Our machine learning pipeline leverages demographic informa-
tion that includes skin fold thickness, which we measured using a
low-cost body fat caliper (~$10). We note, however, that skin fold
thickness carries relatively low weight in the overall classification
performance.

Adaptive parameter selection. Current signal processing param-
eters including CFAR thresholds, window sizes, and bin selection
ranges, were empirically tuned for bicep exercises. We leave the
development of adaptive parameter selection to different muscle
groups or exercise types to future work.

Hardware cost. Our system uses a Texas Instruments AWR1843-
BOOST evaluation board [6] (~$365), which we selected for rapid
prototyping. A production-ready version of our system would in-
tegrate the radar front-end onto a custom PCB, to reduce per-unit
cost through economies of scale.

8 Related Work

Paper Tech- Contact{  Iso- Isotonic | Fatigue
nology less metric dy- detec-
static namic tion
force force
estima- | estima-
tion tion
[111] Cameras v X X X
[75] IMU + Ul- X v 4 X
trasound
[65] Cameras 4 X X X
[108] Active v X X v
sonar
[109] mmWave v X X X
radar
[119] Electrical X X X X
impedance
tomogra-
phy
[78] Active X v X X
sonar
GigaFlex | mmWave v v v v
(ours) radar

Table 2: Comparison of representative muscle sensing sys-
tems. Uniquely, GigaFlex performs contactless force estima-
tion for for elbow flexion (static) and bicep curls (dynamic),
as well as fatigue detection.

Conventional Contact-Based Approaches. Contact-based ap-
proaches broadly measure: (1) Electrical signals from muscle acti-
vation using Electromyography (EMG) [38, 84] including at high
sampling rates [35, 39, 62, 71]. Intramuscular EMG requires nee-
dle insertion into the tissue and in general EMG requires direct
skin contact with electrodes. (2) Mechanical vibration sensing us-
ing Mechanomyography (MMG) through accelerometers or micro-
phones [60, 106]. In contrast, GigaFlex measures muscle vibrations
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in an entirely contact-free manner, avoiding skin preparation [55],
sweat artifacts [105], and skin sensitivity issues [32].
Vision-Based Systems. Camera-based approaches estimate mus-
cle engagement from body pose and movement patterns captured
by smartphone or depth cameras [44, 65, 103, 124]. However, unlike
GigaFlex, vision-based methods perform only skeletal tracking and
can only indirectly infer muscle force output or fatigue onset.
Wearable Systems. Wearable IMU and acoustic sensors embedded
in smartwatches and fitness bands infer muscle exertion through
motion analysis and activity classification [75, 78, 111]. Smart gar-
ments integrate flexible, textile-based sensors leveraging strain
gauges or electrical impedance sensing to detect muscle deforma-
tion during exercise [17, 19, 28, 113, 119]. Despite their portability,
wearable sensors can be uncomfortable to wear for long periods of
time and sensor mass can distort the muscle vibration signal [114].
Contactless Muscle Sensing. Prior contact-free muscle tissue
systems include: (1) Laser Doppler vibrometry (LDV) can remotely
capture skin displacements caused by cardiac or muscular activ-
ity [33]. However, LDV systems require precise optical alignment
and are highly sensitive to occlusions, making them impractical
under natural or dynamic conditions. (2) Song et al. [108] uses ac-
tive sonar on smartphones to detect muscle fatigue, but requires
positioning the smartphone close to the target muscle (5-10 cm)
with the display directly facing the skin, limiting its practicality for
use in everyday environments and multi-muscle monitoring.
RF and Radar-based Sensing. Radio-frequency (RF)-based vibra-
tion sensing, particularly with millimeter-wave (mmWave) radar
— with its millimeter-scale wavelength — can perform vibration
sensing at micrometer scale over a wide field of view, and has
been applied in vital-sign monitoring using and has demonstrated
the ability to detect breathing [123], heartbeat [14, 126], and even
pulse-induced displacements at sites such as the neck and wrist
with micrometer-level precision [45, 72, 128]. However, these works
focus on extracting periodic features in a narrow-band under 5 Hz
range. In contrast, muscle vibrations are broadband (1-100 Hz), non-
periodic, and exhibit highly dynamic spatial-temporal patterns.
More recently, mmWave radar has been explored for muscle-
related sensing tasks. The signal amplitude has been used to clas-
sify Parkinsonian versus essential tremor [46], while radar phase
information has been compared with surface electromyography
(SEMG) to estimate muscle activation [109]. The latter represents an
important early step toward radar-based muscle monitoring; how-
ever, these approaches primarily focus on coarse muscle activation
detection rather than characterizing the continuous mechanical
dynamics underlying contraction. In contrast, by leveraging non-
linear dynamic analysis and chaos-theoretic modeling, we enable
estimation of muscle force output and fatigue detection directly
from radar reflections, without any on-body instrumentation.

9 Conclusion

This paper presents GigaFlex, a proof-of-concept system to contact-
lessly monitor muscle vibrations during exercise. GigaFlex infuses
principles from Chaos theory and non-linear dynamics to process
radar signals temporally and spatially to extract quantitative met-
rics on muscle fatigue. A detailed implementation and user study
demonstrates low errors in key muscle fatigue metrics, comparable
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to state-of-the-art contact-based sensing systems. As next steps, we
seek to: (1) Evaluate our system on individuals with muscle injuries;
(2) Scale our system to diverse exercise scenarios where multiple
muscle groups are activated; (3) Accelerate system performance
and latency for real-time operation.
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