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Continuous rehabilitation monitoring outside clinics is critical for long-term recovery, yet existing modalities fall short.
Vision- and wearable-based systems raise privacy and compliance concerns, while RF-based sensing, despite contactless, is
fundamentallymotion-dependent—blind to the stillness that characterizes balance, endurance, and postural control. We observe
that conventional static clutter removal not only suppresses environmental reflections but also erases the body’s involuntary
micro-motions, such as breathing, heartbeat, and subtle sway. Our key insight is that these micro-motions are not noise but
information, encoding physiological vitality even in apparent stillness. Realizing this shift—from detectingmotion to perceiving
life within stillness—introduces two fundamental challenges: (C1) the echoes of these micro-motions are orders of magnitude
weaker than static clutter, spectrally overlap within the near-zero Doppler region and spatially co-located with dominant
reflections; and (C2) mmWave reflections are inherently sparse and geometry-agnostic, lacking the structural priors required to
recover body’s shape and pose across users and environments. To address these, we design mmRehab, a transformative mmWave
sensing system for rehabilitation, extending radar perception beyond motion to enable physiological interpretation even when
users remain still. Within mmRehab,Micro-motion Feature Extraction addresses C1 through beamforming-based spatial isolation
and micro-Doppler temporal discrimination, amplifying respiration- and posture-related cues; Geometry-aware Knowledge
Transfer addresses C2 via depth-guided distillation, transferring structural priors from vision to radar representations for
robust generalization. Extensive experiments on both dynamic and static rehabilitation tasks show that mmRehab reduces 3D
reconstruction errors by over 24% and generalizes robustly to unseen users, distances, and orientations—demonstrating the
feasibility of unified radar perception for motion and micro-motion rehabilitation monitoring.
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Fig. 1. mmRehab turns everyday living spaces into continuous rehabilitation environments—no wearables, no cameras, just
wireless reflections. By reconstructing human meshes from mmWave signals, it allows clinicians to remotely observe postures,
update training plans, and maintain 24/7 continuity of care across home and hospital.
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1 INTRODUCTION
Over 2.4 billion people live with conditions that demand continuous rehabilitation—a number expected to surge
as longer lifespans meet rising chronic disease and disability [74]. Yet rehabilitation remains constrained by
scarce clinical resources and limited accessibility: most patients cannot be monitored once they leave the hospital,
causing lapses that undo weeks of recovery [35, 61]. Bridging this gap requires more than remote supervision—it
demands high-fidelity sensing systems that can unobtrusively capture human motion and physiology across daily
environments [20, 44] (as illustrated in Fig. 1).
However, current sensing modalities fall short of this vision. Vision-based systems [25, 36, 38, 39, 45, 56,

77, 90] achieve remarkable accuracy but collapse under occlusions, lighting variation, and privacy concerns.
Wearables [2, 6, 30, 55, 59] mitigate these issues yet rely on user compliance and continuous maintenance.
Environment-embedded sensors such as tactile carpets [13] offer unobtrusive feedback but remains spatially
confined. Recently, RF-based sensing [4, 15, 34, 78–80, 86, 87]) has emerged as a compelling alternative, promising
contactless and privacy-preserving perception. Yet despite these advances, RF sensing suffers from a unique
limitation: it perceives only motion, not control. When the body stop moving, these system fail silent—blind to
the stability, endurance, and subtle balance that define true recovery [24, 64].
Consider a simple bridge exercise [17, 21]: once the posture is held, the patient appears perfectly motionless.

Yet beneath this stillness, the body is far from static—the redistribution of pressure—from the lumbar region
toward the scapulae and heels encodes postural stability, muscle engagement, and recovery progress. Capturing
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such life within stillness requires a paradigm shift: enabling mmWave radar not only to detect movement, but
to perceive the stability that underlies it.

Operating at tens of gigahertz, mmWave radar is exquisitely sensitive to these displacements [57]. Yet the root
cause of existing limitation lies in how radar interprets its own signals. Conventional pipelines rely on static
clutter removal (SCR) [80] to suppress zero-Doppler reflections from stationary objects, inadvertently erasing
weak echoes from seemingly still users. The human body is never truly motionless: even in “static” postures,
involuntary activities such as breathing, heartbeat, postural sway produce millimeter-scale micro-motions [10].
These faint vibrations are not noise, but physiology—subtle signatures that encode both presence and posture
in apparent stillness [84]. This observation opens a new opportunity: to redefine radar perception from detecting
motion to perceiving life within stillness. 1
Realizing this vision, however, introduces two fundamental challenges: (C1) Extracting micro-motions

under overwhelming clutter: life-induced reflections are orders of magnitude weaker than static returns from
walls and furniture [81], and they occupy the same near-zero Doppler band, making them nearly indistinguishable
in both frequency and angle domains. (C2) Reconstructing human geometry from sparse radar echoes:
even when preserved, radar reflections are inherently view-dependent and geometry-agnostic [11]—comprising
discrete scattering points without explicit cues of body topology or joint kinematics [67]. Consequently, inferring
a coherent 3D human form from these echoes becomes a highly ill-posed inverse problem, especially under
quasi-static conditions [91].
To addess these challenges, we design mmRehab, a mmWave sensing system tailored for rehabilitation, trans-

forming radar from a motion detector into amicro-motion observer capable of reconstructing fine-grained
3D meshes even when users appear completely still. Specifically, to address C1, Micro-motion Feature Extraction
couples adaptive beamforming with micro-Doppler temporal analysis to isolate life-induced oscillations while
suppressing static clutter; and to address C2, Geometry-aware Knowledge Transfer leverages depth maps [73] as
an intermediate geometric bridge to transfer structural priors from vision-based models, enabling radar-only 3D
human mesh reconstruction with semantic fidelity and cross-user generalization. In summary, our contributions
in this paper are:

• mmRehab redefines radar perception by inverting a long-standing assumption: what was once suppressed
as "clutter" is now recognized as a signal of living stillness. We reveal that the zero-Doppler reflections,
traditionally discarded by static clutter removal, encode millimeter-scale physiological dynamics—breathing,
heartbeat, and postural sway—enabling radar to perceive the quiet dynamics that sustain human stability
and recovery.

• We realize this vision through mmRehab, a transformative mmWave sensing system that reconstructs
fine-grained 3D meshes even under stillness. At its core, mmRehab introduces two technical designs: (i)
Micro-motion Feature Extraction addresses C1 by coupling adaptive beamforming with micro-Doppler
temporal analysis to isolate life-induced micro-signals from dominant static clutter; and (ii) Geometry-aware
Knowledge Transfer addresses C2 by leveraging depth maps as a geometric bridge to transfer structural
priors from large-scale visual datasets to endow radar with geometric awareness.

• We conduct extensive experiments under both dynamic and static rehabilitation scenarios. mmRehab reduces
the average Vertex Error (V) from 7.21 cm → 4.75 cm and the Joint Localization Error (S) from 6.44 cm →
3.38 cm for static postures, achieving similar gains for dynamic motions (V: 6.92 cm → 4.12 cm, S: 5.87 cm
→ 3.25 cm). Even on unseen users, mmRehab maintains high accuracy (V: 6.77 cm, S: 5.97 cm for dynamic;
V: 7.46 cm, S: 5.74 cm for static) and remain robust under varied distances (2-4 m) and orientations (up to
60 ◦), confirming its real-world viability for in-home rehabilitation monitoring.

1Technically, this “life within stillness” arises frommicro-motions—minute, involuntary oscillations such as breathing and postural sway
that reveal physiological vitality even in static postures.
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To support the research community, we make our source code publicly available at https://github.com/
leenchen0/mmRehab.

2 RELATED WORKS
This section reviews related work from two complementary perspectives: (1) rehabilitation monitoring, which
examines sensing modalities used for assessing patient motion and recovery, and (2) wireless human mesh
reconstruction, which extends wireless perception from coarse activity recognition to fine-grained geometric
modeling of the human body.

2.1 Rehabilitation Monitoring
Rehabilitation monitoring traditionally relied on vision-based [22, 47, 55, 83, 89] or wearable systems [45, 56, 90].
While effective in controlled settings, these methods remain intrusive and non-scalable—cameras compromise
privacy and require line-of-sight, whereas wearables depend on patient compliance. To overcome these limitations,
recent work explores wireless sensing as a non-contact, privacy-preserving alternative [3, 4, 27, 43, 68, 75]. These
efforts fall into two main directions: (1) Signal-based activity recognition [27, 68], which classifies rehabilitation
motions directly from Doppler or amplitude patterns; and (2) Pose-based motion estimation [3, 4, 43, 75], which
reconstructs skeletal keypoints for fine-grained motion analysis. However, motion tracking alone cannot compre-
hensively explain recovery [70]; rehabilitation depends on the biomechanics behind stillness—how balance, load,
and subtle corrections sustain the body [24]. Capturing these nuances requires continuous 3D mesh reconstruction,
which models the full body surface to reveal the invisible dynamics of posture and pressure [49].

Significance of Continuous Mesh Reconstruction for Rehabilitation Monitoring. The ability to con-
tinuously reconstruct full-body 3D meshes provides a high-resolution geometric foundation for analyzing
body-surface biomechanics [52]. This mesh-level representation supports diverse rehabilitation analyses, such as
monitoring pressure redistribution, identifying improper load transfer, and evaluating postural balance during
recovery [42, 66]. For instance, in bridge exercises [17, 21], the reconstructed meshes provide geometric cues
to evaluate whether the stress is likely shifted toward the scapulae and heels rather than the lumbar region.
As clinical guidance emphasizes that the need for continuous, 24/7 posture and pressure monitoring [41, 82],
continuous 3D mesh reconstruction offers a clinically meaningful foundation for long-term pressure ulcer risk
assessment. Recent work has demonstrated that recovering the precise 3D body mesh is essential for accurately
inferring contact pressure distributions and localizing peak pressure points on the body surface [16], enabling
the capture of evolving body-support interactions.

2.2 Wireless Human Mesh Reconstruction
Therefore, recent works have begun to enable wireless-based human mesh reconstruction [78–80], extending
human sensing from sparse skeletons toward full surface geometry. Hybrid methods (MI-Mesh [19], Immfusion
[12]) leverage complementary modalities to reconstruct detailed human meshes. Pure RF systems [1, 8, 40, 62,
63, 79, 87, 88] are also emerging: for example, mmMesh [80] uses commercial mmWave radar to build dynamic
human meshes from point-cloud data, and M4sh extends this to multi-subject 3D mesh reconstruction [78]. Other
wireless-signal based systems reconstruct skeletons or coarse meshes using WiFi [23, 34, 58, 71, 72].

Despite these advances, existing systems remain fundamentally motion-centric—they rely on Doppler
variations and thus fail to perceive users who appear still. Yet, static postures encode critical cues for rehabilitation,
such as seated balance training [7], wheremicro-motions (e.g., breathing, postural sway) reflect balance, endurance,
and recovery stability. mmRehab overcomes this limitation by reinterpreting radar reflections—not as mere motion
indicators, but as signatures of life within stillness. This paradigm shift enables accurate reconstruction of
both dynamic and static postures, supporting continuous, contactless rehabilitation assessment.
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3 PRELIMINARIES
To enable humanmesh reconstruction from radar echoes, we first review the key sensing andmodeling foundations
of our system: mmWave radar for physical signal acquisition and Skinned Multi-Person Linear (SMPL) model for
human body representation.

3.1 Mmwave Sensing
Our system employs a commercial off-the-shelf (COTS) mmWave radar that continuously scans the environment
and captures reflections from all entities 2 within the sensing area. The radar operates using frequency-modulated
continuous wave (FMCW) signaling, wher the transmitter (TX) emits a sequence of chirps whose frequency
increases linearly over a bandwidth 𝐵 within a chirp duration 𝑇𝑐 . The reflected signal received by the receiver
(RX) is mixed with the transmitted waveform to produce an intermediate-frequency (IF) beat signal:

𝑥𝐼𝐹 (𝑡) = 𝐴𝑟 𝑒
𝑗2𝜋 ·𝜏 (𝑟,𝑐 )

[
𝑓0 +

𝐵

𝑇𝑐
𝑡 − 𝐵

2𝑇𝑐
𝜏 (𝑟, 𝑐)

]
, (1)

where 𝑓0 denotes the start frequency, 𝐴𝑟 represents an amplitude after propagation attenuation, and 𝜏 (𝑟, 𝑐) is
the round-trip delay determined by range 𝑟 and signal speed 𝑐 . The IF signal encodes the spatial and temporal
structure of reflections from all entities, serving as the raw measurement for reconstructing human geometry in
subsequent stages.

3.2 Human Body Representation
To recover anatomically consistent human structures from radar-derived features, we adopt the SMPLmodel [49]—a
widely used parametric representation that disentangles human variation into shape and pose components. The
shape parameters 𝜷 ∈ R10 captures identity-dependent attributes such as body height and weight, while the pose
parameters 𝜽 ∈ R72 encode global orientation and 23 joint rotations. Using linear blend skinning, SMPL generates
a triangulated mesh with 𝑁 = 6890 vertices and 𝐾 = 24 joints. Its compact 82-parameter design provides a
differential, low-dimensional representation that enables efficient and high-fidelity reconstruction from sparse
radar signals.

4 DESIGN OF MMREHAB
This section begins with an overview of the system pipeline and its core design principles, followed by detailed
descriptions of each component.

4.1 System Overview
Fig. 2 presents mmRehab, a mmWave sensing system tailored for rehabilitation that redefines how radar perceives
human presence—not by tracking motion, but by sensing physiological micro-motions that reveal life within
stillness. The system comprises four synergistic components that together reconstruct full-body 3D human
meshes from commodity mmWave radar under both dynamic and quasi-static rehabilitation scenarios.

• Geometry-aligned Data Generation (Sec. 4.2). We first build a multimodal dataset pairing real and
simulated radar signals with synthetic depth maps rendered from 3D human meshes, creating geometry-
consistent supervision that aligns radar and visual semantics in a shared spatial frame.

• Hierarchical Physiological Feature Extraction (Sec. 4.3). The radar stream is then processed through a
Dynamic Spatial-Kinematic Mapping and a Static Vital Micro-motion Extraction, jointly capturing large-scale
body movement and subtle physiological oscillations such as respiration and postural sway—enabling radar
to perceive both motion in space and vitality in stillness (addresses C1).

2An Entity refers to any detected target, categorized as a User or an Object.
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Fig. 2. System framework of mmRehab.

• Geometry-aware Knowledge Transfer (Sec. 4.4). To bridge sparse radar observations and dense human
geometry, depth maps serve as an intermediate geometric modality—sharing spatial structure with 3D
meshes while remaining compatible with radar’s range domain—allowing a vision-based teacher to distill
structural priors into a radar-based student (addresses C2). This enables meaningful and generalizable
perception across unseen users and environments.

• HumanMeshReconstruction (Sec. 4.5). Finally, we decode the refined radar features into full-body SMPL
parameters—pose, shape, and translation—using a differentiable rotation representation that guarantees
anatomical continuity and stable mesh reconstruction.

4.2 Geometry-aligned Data Generation
To establish cross-modal supervision between radar and geometry, we construct paired datasets of depth maps
and simulated radar signals derived from AMASS dataset [50]. AMASS provides over 2,400 minutes of motion
data covering diverse human poses and shapes, from which we obtain 3D mesh sequences parameterized by
SMPL.

A virtual camera is positioned at (0,−2, 0) m with a resolution of 64 × 64, and the Hidden Point Removal (HPR)
algorithm [37] is applied to project visible vertices:

𝑥𝑖 = min(𝑊,max(1, round(𝑥 · scale))), 𝑦𝑖 = min(𝐻,max(1, round(𝑧 · scale))). (2)

Here, (𝑥, 𝑧) denote 3D vertex coordinates, (𝑥𝑖 , 𝑦𝑖 ) are projected 2D locations, and scale normalizes the 3D space
to image coordinates (𝑊 = 𝐻 = 64). For each visible pixel (𝑥𝑖 , 𝑦𝑖 ), the depth is defined as the Y-axis distance from
the camera to the corresponding vertex:

𝑑 (𝑥𝑖 , 𝑦𝑖 ) = |𝑦camera − 𝑦vertex |. (3)

The view-consistent depth maps preserve pose-dependent body geometry and serve as the teacher’s supervision
signal (Fig. 3).

In parallel, we synthesize radar data from the same mesh sequences following the RF-Genesis framework [15],
which simulates intermediate-frequency reflections based on mesh geometry and material properties. To ensure
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diversity, radar positions and orientations are randomized across samples—placed at a height of 0.8 m, with the
horizontal distance uniformly sampled between 2 m and 6 m, and the azimuth angle varied from 0◦ to 90◦. The
generated IF signals are converted into radar spectra and used alongside real radar recordings during training.

(a) 3D SMPL mesh (b) Depth image rendered
from the mesh via virtual
projection

Fig. 3. Depth image generation from 3D mesh. A virtual camera projects visible mesh vertices from the SMPL model (a) onto
a 2D plane to produce a rendered depth image (b), where pixel intensity encodes distance to the camera. The synthetic depth
maps serve as geometric intermediates between vision-based meshes and radar reflections during knowledge distillation.

4.3 Hierarchical Physiological Feature Extraction
Existing mmWave sensing systems primarily focus on dynamic body movements, such as walking or turning,
where large-scale range and Doppler shifts provide strong geometric cues [85]. While effective for motion tracking,
these methods remain blind to quasi-static physiological activities—minute oscillations from respiration or
subtle posture adjustments—that lie below the resolution of conventional Doppler processing.

To overcome this limitation, mmRehab introduces Hierarchical Physiological Feature Extraction component that
extends mmWave perception from motion geometry to life-state awareness. The first branch, Macro-motion
Feature Extraction (Sec.4.3.1), reconstructs large-scale body motions—a well-understood regime in mmWave
sensing [86]—provide spatial context for subsequent physiological inference. In contrast, our second branch,Micro-
motion Feature Extraction (Sec.4.3.2), targets the previously unmodeled sub-centimeter physiological oscillations
that conventional Doppler processing fails to capture.

4.3.1 Macro-motion Feature Extraction. We construct a spatial–kinematic map for dynamic users, capturing
their location, motion, and direction directly from the raw IF signals.
Range Profiling. Since the IF beat frequency 𝑓 scales linearly with target range 𝑟 as:

𝑟 =
𝑐 𝑓𝑇𝑐

2𝐵
, (4)

a fast-time FFT (Range-FFT) yields the range profile of all reflectors in the scene.
Static Clutter Removal (SCR). Range-domain profiles contain both static and dynamic components. To

suppress static structures (walls, furniture, etc.) that otherwise form a strong near-zero Doppler band, we apply
SCR—subtracting the slow-time mean per range bin as in [79].

Doppler Velocity Estimation. The target’s radial velocity is inferred from the slow-time phase evolution 𝜔
across chirps:

𝑣 =
𝜆

4𝜋𝑇𝑐
𝜔. (5)
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Fig. 4. Effect of static clutter removal (SCR) on radar feature maps. (a-b) Range-Doppler maps (RDMs) and (c-d) Range-
Azimuth maps (RAMs) with or without SCR. Without SCR, strong zero-Doppler reflections from static objects obscure user
motion, while applying SCR effectively suppresses these unwanted signals—highlighting dynamic targets and improving
downstream macro-motion analysis.

An additional FFT along slow time (Doppler-FFT) forms the Range–Doppler Map (RDM), which encodes target
speeds along the radial dimension.

Angle-of-Arrival Estimation (AoA). Range or Doppler alone cannot separate multiple entities at the same
distance. To resolve spatial ambiguity, mmRehab employs a MIMO antenna array that estimates azimuth and
elevation angles. This is achieved by correlating the array snapshots with candidate steering vectors in the
angular domain:

𝑥 (𝑁𝑎×𝑁𝑒 ) =
𝑀∑︁

𝑚=1
𝛼𝑚 𝑠

(
𝜃 (𝑎,𝑒 )𝑚

)
+ 𝑛, (6)

where𝑀 is the number of incoming signals, 𝛼𝑚 are their complex amplitudes, and 𝑠 (·) denotes the steering vector
defined by inter-element phase shifts Δ𝜙𝑎 and Δ𝜙𝑒 :

𝑠 (𝜃 (𝑎,𝑒 ) , 𝑁𝑎, 𝑁𝑒 ) =


1 · · · 𝑒 𝑗 (𝑁𝑎−1)Δ𝜙𝑎

𝑒 𝑗Δ𝜙𝑒 · · · 𝑒 𝑗 (Δ𝜙𝑒+(𝑁𝑎−1)Δ𝜙𝑎 )

...
. . .

...

𝑒 𝑗 (𝑁𝑒−1)Δ𝜙𝑒 · · · 𝑒 𝑗 ( (𝑁𝑒−1)Δ𝜙𝑒+(𝑁𝑎−1)Δ𝜙𝑎 )


, (7)

where Δ𝜙𝑎 and Δ𝜙𝑒 denote the inter-element phase increments in azimuth and elevation, respectively. By
correlating 𝑥 with steering vectors over candidate angles—implemented efficiently as a 2D FFT across receiver
elements—we obtain the Angle Profile (i.e., Range-Elevation Map (REM) and Range-Azimuth Map (RAM)), revealing
each reflector’s direction.

Spatial–Kinematic Signature.Combining the RDMwith the Angle Profile yields a complete spatial–kinematic
signature, capturing range, velocity, and direction for all entities.

Visualization of SCR Effects on RD and RA Maps. To visualize the effect of SCR, we collect radar data in an
empty room containing a single chair, while a volunteer moves within the sensing area. This setup enables a clear
comparison of how SCR alters both the RDM and the RAM, as shown in Fig. 4. Without SCR, the RDM exhibits a
strong near-zero Doppler band originating from the static chair, which leaks into dynamic bins and masks the
user’s motion signatures (Fig. 4(a)). After applying SCR, these stationary components are effectively suppressed,
and the moving subject appears as a distinct energy ridge along the corresponding range–velocity cells (Fig. 4(b)).
A similar pattern is observed in the angular domain. Before SCR, static reflections from the chair generate broad
azimuthal sidelobes that obscure the true direction of the moving target (Fig. 4(c)). After SCR, dynamic energy
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becomes localized around the volunteer’s bearing, resulting in a cleaner angular profile (Fig. 4(d)). Overall, SCR
substantially enhances spatial-kinematic clarity by removing near-zero Doppler clutter, isolating dynamic motion
signatures, and improving downstream macro-motion analysis.

4.3.2 Micro-motion Feature Extraction. mmRehab designsMicro-motion Feature Extraction to suppress background
clutter and retain faint physiological micro-motions that indicate life within stillness. This component operates
in two stages: (1) Static Background Suppression spatially disentangles static reflections via adaptive beamforming,
and (2) Living Target Detection temporally isolates micro-motion components from the residual clutter—together
enabling detection of living users even in fully still scenes.

Static Background Suppression. In static scenario, each detected Entity—either aUser or anObject—contributes
to the radar echoes within static frames. These echoes are a superposition of strong, stable reflections from
environmental Objects (walls, floors, furniture) and weaker returns from static Users (sitting, standing, or supine).
Our key insight is that static clutter, traditionally treated as interference [5, 80], actually encodes the scene’s spatial
priors—including subtle scattering from stationary users. By statistically modeling these near-zero Dopplers
reflections, we transform clutter from noise into signal, enabling recovery of the spatial profile of motionless
human bodies. However, when strong Object-level clutter (e.g., walls or furniture) coexists with weak User-level
echoes, traditional FFT-based delay-and-sum [69] or Bartlett fixed-weight beamforming [60] suffers from lim-
ited angular resolution and dynamic range, where sidelobes and energy leakage easily obscure the weak User
reflections [69].
To suppress dominant clutter and enhance weak user reflections, we adopt MVDR (Minimum Variance

Distortionless Response) beamformer [9]. MVDR minimizes the output power while enforcing a unity-gain
constraint in the steering direction, thereby adaptively nulling dominant interference. This adaptively substantially
improves angular contrast and dynamic range even with limited array elements and snapshots, making it
particularly effective for detecting weak User-level echoes under strong Object-level clutter [9, 65]. Unlike
conventional beamformers, MVDR requires no explicit target priors; it relies solely on the scene covariance
statistics to suppress static backgrounds that exhibit spatial signatures distinct from humans [46].

𝑃𝑀𝑉𝐷𝑅 (𝑟, 𝜃 (𝑎,𝑒 ) ) =
1

𝑠𝐻 (𝜃 (𝑎,𝑒 ) , 𝑁𝑎, 𝑁𝑒 )𝑅𝑥𝑠 (𝜃 (𝑎,𝑒 ) , 𝑁𝑎, 𝑁𝑒 )
, (8)

where 𝑅𝑥 = 𝐸{𝑥𝐻𝑠𝑐𝑥𝑠𝑐 } ≈ 1
𝑁

∑𝑁
𝑡=1 𝑥

𝐻
𝑠𝑐 (𝑡)𝑥𝑠𝑐 (𝑡) represents the covariance matrix of the static clutter 𝑥𝑠𝑐 . The

resulting 3-D static map is normalized and projected onto 2-D range-angle planes by averaging along the
complementary angle dimension, which suppresses isolated spikes while preserving the overall static energy
distribution. This yields a Static Range–Azimuth Map (SRAM) or Static Range–Elevation Map (SREM) that spatially
separates multiple static entities (Fig. 5(d)), though identifying which reflection corresponds to a human user
remains challenging—a problem we address next.
Living Target Detection. Although standard RDM effectively capture dynamic motions [79], they fail to

resolve the faint micro-movements exhibited by stationary users. Typical respiration produces chest displace-
ments of 4–12 mm at 0.2–0.34 Hz [18, 48], corresponding to a Doppler velocity of roughly on ≈ 1.8 cm/s. In
contrast, a 77 GHz radar with a 255 𝜇s chirp interval and 128 chirps per frame achieves merely 5.9 cm/s velocity
resolution—insufficient to distinguish such subtle variations [51]. Consequently, these physiological cues vanish
after SCR, as illustrated in Fig. 4(b) and Fig. 4(d).

Intuitively, one might enhance Doppler sensitivity by tuning radar front-end parameters (e.g., extending inter-
chirp intervals or increasing chirp counts [33]), yet such adjustments introduce fundamental trade-offs. Longer
inter-chirp intervals reduce the maximum unambiguous velocity, while additional chirps enlarge the radar cube,
straining DSP memory and real-time throughput [33]. Aggregating chirps across frames can extend observation
windows but disrupts temporal uniformity due to inter-frame blanking for calibration and thermal control,
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Fig. 5. Detecting static users under still scenes. (a-b) show the raw range-azimuth map (RAM) and range-Doppler map
(RAM), while (c) visualizes the strong near-zero Doppler reflections constituting static clutter. Through beamforming and
micro-motion analysis, static targets are effectively separated into (d) the static RA map (SRAM) and (e) the range–micro-
Doppler map (RMDM), enabling precise identification of static users and surrounding objects.

producing spectral artifacts. These constraints render hardware-level adjustments impractical for continuous,
resource-constrained rehabilitation monitoring.
To this end, we introduce a new spectral feature—Range–MDoppler Map (RMDM)—that captures micro-

motion dynamics invisible to conventional Doppler processing. The key idea is to apply a temporal FFT over
static clutter accumulated across frames, transforming imperceptible sub-centimeter displacements into measurable
frequency-domain energy.

Formally, we first transform the time-domain signal into the range domain using a range-FFT [5]. The received
signal at range 𝑟 , antenna 𝑎, and chirp 𝑐 in frame 𝑛 can be expressed as:

𝐻𝑟,𝑎,𝑐 = 𝑆𝑟,𝑎,𝑐 + 𝐷𝑟,𝑎,𝑐 (𝑛) + 𝑁𝑟,𝑎,𝑐 , (9)

where 𝑆𝑟,𝑎,𝑐 denotes static components, 𝐷𝑟,𝑎,𝑐 (𝑛) represents micro-motion-induced dynamics, and 𝑁𝑟,𝑎,𝑐 is noise.
To isolate the faint physiological component buried in static reflections, we remove the mean clutter 𝐻𝑟,𝑎 via
standard SCR and assume the micro-motion remains approximately constant within each short 50 ms frame. We
then aggregate 𝑛𝑓 consecutive frames (e.g., 𝑛𝑓 = 64), subtract their temporal mean, and perform an FFT across
frames—termed themicro-Doppler FFT (MDoppler-FFT)—to reveal slow periodic motion in the frequency
domain:

𝐻𝑟,𝑎 = 𝑆𝑟,𝑎,𝑖 + 𝐷𝑟,𝑎,𝑖 (𝑛) + 𝑁𝑟,𝑎, 𝑖 ∈ [1, 𝑁𝑐 ] . (10)
Summing across antennas yields the Range–MDoppler Map (RMDM), which amplifies sub-centimeter move-
ments such as breathing or postural sway. As shown in Fig. 5(e), this spectrum exposes a concentrated energy
band near 1.5 m, corresponding to the user’s position—signals that conventional range–Doppler maps suppress
during clutter removal.
Visualization of Static User Detection. To demonstrate mmRehab’s ability to separate static users from

stationary background clutter, Fig. 5 visualizes how radar signal evolves across successive processing stages.
The experiment is conducted in a stationary environment containing a static user and a surrounding object. As
shown in Fig. 5(a) and Fig. 5(b), the unprocessed RAM and RDM contain strong clutter energy distributed across
azimuth and velocity dimensions, making it difficult to distinguish true static targets from background reflections.
By integrating Doppler responses near zero frequency, the dominant scatters, such as walls and furniture, are
extracted to form the static clutter field, as shown in Fig. 5(c), which in turn obscures weak user signals. After
Static Background Suppression, the static RA map (SRAM) clearly shows the static user and surrounding object as
distinct clusters at different azimuths (Fig. 5(d)). Finally, Living Target Detection isolates the static user’s near-zero
frequency band, enabling precise localization even in completely still scenes (Fig. 5(e)). Overall, this visualization
highlights mmRehab’s ability to recover fine-grained spatial awareness from residual clutter energy—transforming
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Fig. 6. The overview of our model.

weak echoes into interpretable static-user signatures that support downstream micro-motion characterization
and environment mapping.

4.4 Geometry-aware Knowledge Transfer
Directly regressing human meshes from mmWave spectra is fundamentally ill-posed: radar reflections are sparse,
noisy and lack the dense geometric structure that 3Dmeshes encode [49]. In contrast, depth maps provide spatially
continuous geometry aligned with human body morphology, offering a stronger geometric prior. We therefore
introduce a geometry-aware knowledge distillation (KD) strategy [28], using depth-based supervision [73]
to guide the radar model toward learning generalizable geometric representations and mitigating device-specific
overfitting [15, 79, 80].
As shown in Fig. 6, this module consists of two symmetric networks: a Geometric Prior Network(GPN) and

a Radar Alignment Network(RAN). Both adopt the same three-stage architecture: (1) a spatial encoder built
with residual blocks [26] (denoted as ResBlocks) that extracts frame-level spatial features, (2) an LSTM [29]
that captures temporal dynamics across frames, and (3) a fully connected regression head outputs the SMPL
parameters. The GPN learns geometric priors from high-resolution depth images, while the RAN operates directly
on mmWave spectra.

During training, cross-modal distillation transfers geometric knowledge from the GPN to the RAN by aligning
their latent feature spaces. The RAN is optimized to reproduce the intermediate representations of the GPN via a
mean-squared-error (MSE) loss, enabling it to internalize fine-grained spatial semantics despite the inherently
low resolution of radar signals. This distillation process substantially improves robustness to signal noise and
enhances generalization across unseen activities, users, and hardware configurations.

4.5 Human Mesh Reconstruction
A human mesh typically contain over 6,000 vertices, making direct prediction of all 3D vertex coordinates
computationally intractable. To address this, we adopt the Skinned Multi-Person Linear (SMPL) [49] model, which
represents a human body using only 82 parameters: 10 shape parameters Θ and 72 pose parameters 𝛽 . Feeding
these parameters into the SMPL decoder generates a mesh of 6890 vertices, allowing mmRehab to reconstruct
detailed human geometry by regressing a compact parameter vector from mmWave features.
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(a) Circling (R/L)

(e) Arm Closing (D/R/L) (f) Arm Opening (D/R/L)

(d) Arm Raising (D/R/L)(c) Arm Lowering (D/R/L)(b) Leg Raising (R/L)

(g) Walking

Fig. 7. Dynamic movements. This figure illustrates the set of dynamic rehabilitation actions captured by mmRehab, including
arm and leg movements as well as walking. D/R/L denote performing the action with both, right, or left limbs, respectively.

To ensure anatomical continuity and numerical stability, we follow recent 3D reconstruction practice [92] and
employ a continuous 6D rotation representation for joint orientations [92]. Specifically, the pose parameter 𝜃
is expanded to R144 (24 joints × 6D), and the resulting 6D vectors are orthogonalized into valid 3 × 3 matrices
using a Gram-Schmidt process. This formulation eliminates discontinuities in rotation space and preserves
differentiability during end-to-end training.

5 IMPLEMENTATION
This section provides the implementation details of the proposed mmRehab system, including datasets, loss
functions, and model training configurations.

5.1 Datasets
To train and evaluate mmRehab, we combine measured and simulated mmWave data with synthetic motion
sequences rendered from 3D meshes, achieving both realism and geometric consistency.

Synthetic Dataset.We utilize the AMASS dataset [50], a unified repository of humanmotion capture sequences
expressed in SMPL parameters. For training, we use a diverse subset—including BMLrub, BMLhandball, CMU,
DanceDB, GRAB, HUMAN4D, and KIT—covering 11,564 sequences from 310 subjects and approximately 2,328
minutes of motion. For evaluation, we select unseen sequences from DFaust, HumanEva, PosePrior, MoSh,
SFU, SSM, TCDHands, TotalCapture, and Transitions (552 sequences from 52 subjects, 129 minutes). This broad
coverage of poses, body shapes, and motion styles ensures strong generalization across unseen conditions and
activities.

Real Dataset (Rehabilitation Scenarios). To capture realistic rehabilitation behaviors, we build a dedicated
mmWave dataset containing 17 dynamic actions and 6 static postures, as illustrated in Fig. 7 and Fig. 8. Ten
volunteers (6 males, 4 females; age 25.1 ± 2.43 years [range 22–29]; weight 69.3 ± 12.56 kg [range 45–83]; height
171.8 ± 9.11 cm [range 158–185]) participated, each performing every action for 70 seconds in randomized order
to avoid sequence bias. This dataset bridges the gap between controlled synthetic motions and real-world sensing
variations, covering both high-mobility and quasi-static rehabilitation conditions.
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(a) Single Leg Standing (R/L) (c) Siting(b) Standing (d) Bow Step (R/L)

Fig. 8. Static postures. Representative static rehabilitation poses used for still-scene evaluation, including standing, sitting,
bow-step, and single-leg support.

Table 1. The parameters of the mmWave radar system.

Parameter Value
Start frequency 77 GHz
Sample points 128
Chirp loops 128
Maximum range 7.994 m
Range resolution 7.8 cm
Maximum velocity 3.767 m/s
Velocity resolution 5.9 cm/s
Frame periodicity 50 ms

Data were collected across three distinct environments—hall, meeting room, and living room—to capture envi-
ronmental variability (Fig. 16). We use a TI IWR1843BOOST mmWave radar [32] paired with a TI DCA1000EVM
adapter [31] for real-time signal streaming. The radar features 3 Tx and 4 Rx antennas; each Tx sequentially emits
FMCW chirps while the Rx modules record reflections from the human subject and surrounding objects. Radar
parameter settings are summarized in Table 1. The sensor is mounted at a height of 80 cm, colocated with an
Orbbec Femto depth camera [53]) used for synchronized RGB capture. Groundtruth human meshes are generated
using the VIBE model [38] applied to the camera recordings.

5.2 Losses
During the training of our model, we employ a multi-term loss functions to jointly supervise SMPL parameter
regression, mesh consistency, temporal stability, and teacher-student feature alignment. The specific loss functions
used are described below:
SMPL Parameters Loss.We predict SMPL parameters including translation (p𝑡 ∈ R3), pose (𝜃𝑡 ∈ R72), and

body shape (𝛽𝑡 ∈ R10). The Mean Squared Error (MSE) is used as the loss function for these parameters:

LSMPL =
1
𝑇

𝑇∑︁
𝑡=1

(
∥p𝑡 − p̂𝑡 ∥2 + ∥R(𝜃𝑡 ) − R( ˆ𝜃𝑡 )∥2 + ∥𝛽𝑡 − 𝛽𝑡 ∥2

)
where T is the sequnce length, R(𝜃𝑖 ) represents the rotation matrix obtained from the pose parameters, and hats
denote predictions.
Mesh Joints and Vertices Loss. The model computes the 3D coordinates of joints (J𝑡 ∈ R24×3) and vertices

(V𝑡 ∈ R6890×3) derived from the SMPL parameters. The Mean Absolute Error (MAE) is utilized as the loss function
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for these coordinates:

Lmesh =
1
𝑇

𝑇∑︁
𝑡=1

(
1
𝑁

𝑁∑︁
𝑛=1

(
∥J𝑛𝑡 − Ĵ𝑛𝑡 ∥1

)
+ 1
𝑀

𝑀∑︁
𝑚=1

(
∥V𝑚

𝑡 − V̂𝑚
𝑡 ∥1

))
where N is the number of joints, M is the number of vertices, and ∥ · ∥1 denotes the L1 norm.

Joints Velocity Loss. To avoid significant frame-to-frame prediction discrepancies which can result in jitter
[34], the velocity of joints (v𝐽 ,𝑡 ∈ R24×3) is computed from consecutive frames. The predicted velocity is then
subjected to an MSE loss:

Lvelocity =
1
𝑇

𝑇∑︁
𝑡=1

1
𝑁

𝑁∑︁
𝑖=1

∥v𝑖𝐽 ,𝑡 − v̂𝑖𝐽 ,𝑡 ∥
2

Distillation Loss.MSE is used to computes the error between the features from the teacher model (l𝑡 ) and the
student model (l̂𝑡 ):

LKD =
1
𝑇

𝑇∑︁
𝑡=1

(
∥l𝑡 − l̂𝑡 ∥2

)
The final loss is a weighted summation of all the aforementioned losses:

Ltotal = 𝛼𝑠LSMPL + 𝛼𝑚Lmesh + 𝛼𝑣Lvelocity + 𝛼𝑘LKD,

where 𝛼𝑠 , 𝛼𝑚 , 𝛼𝑣 , and 𝛼𝑘 are the weights for different losses.

5.3 Model Training
We implement all models using PyTorch [54] and train them on NVIDIA A800 GPUs.

The teacher model is trained on generated depth images with a resolution of 64 × 64. Its encoder comprises
five ResBlocks, as described in [26], with filter sizes of 8, 16, 32, 64, and 128. The fully connected (FC) layer in the
teacher model maps the flattened features into a 128-dimensional feature space, which is then transformed by an
LSTM with 3 layers into a 192-dimensional feature space.
Similarly, the encoder of the student model consists of five ResBlocks with identical filter sizes (8, 16, 32, 64,

and 128). Its FC layer also maps the flattened features to a 128-dimensional feature space, but the LSTM with 3
layers in the student model extends this to a 256-dimensional feature space. Of these, the first 192 dimensions are
utilized for estimating pose and shape parameters, while the remaining 64 dimensions are utilized to estimating
translation parameters.
We use a batch size of 16 to optimize memory usage and gradient stability, with the Adam optimizer chosen

for its adaptive learning rate capabilities, initially set at 0.001. The weights for different losses, 𝛼𝑣 , 𝛼𝑚 , 𝛼𝑣 , and 𝛼𝑘
are empirically set to 0.2, 0.2, 1, and 0.2, respectively.

6 EVALUATION
To comprehensively evaluate the performance and practicality of mmRehab, we conduct extensive experiments
under both controlled and real-world rehabilitation scenarios. This section introduces the experimental settings
and evaluation metrics, followed by analyses of the system’s overall performance, generalization robustness, and
real-time inference capability.

6.1 Settings
We compare our system with two state-of-the-art methods for mmWave-based human mesh estimation and
further conduct ablation studies to evaluate the contribution of each component under four settings:
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• M4esh [78]: Extends mesh reconstruction to multi-person scenarios by first detecting and tracking individ-
ual subjects via bounding boxes on a 2D MVDR-based energy map. For each detected subject, it generates a
localized point cloud and reconstructs the mesh using a coarse-to-fine strategy. We adopt its single-person
configuration for fair comparison.

• mmGPE [79]: A framework designed to generalize mesh estimation to unseen activities. It synthesizes
realistic mmWave signals for novel poses and trains a mesh estimator jointly on real data (for seen activities)
and synthetic data (for unseen ones).

• Baseline (BSL): Uses three radar spectra—range–azimuth, range–elevation, and range–Doppler—as input.
• BSL + Static Clutters (BSL+SC): Adds the static clutter spectrum to the baseline to capture stationary
environmental reflections.

• BSL + Static Feature Spectra (BSL+SFS): Extends BSL by introducing three additional static-related
spectra: static range–azimuth, static range–elevation, and fine-Doppler, enriching structural cues.

• BSL + SFS + Knowledge Distillation (mmRehab): Incorporates the geometry-aware knowledge distilla-
tion mechanism into BSL+SFS, forming the complete mmRehab framework.

6.2 Metrics
The following metrics are used to evaluate the performance of our system.

Average Vertex Error (V): This metric computes the mean Euclidean distance between corresponding vertices
on the predicted and groundtruth meshes. It provides a direct measure of the geometric accuracy of the mesh
model, reflecting how well the surface of the estimated mesh conforms to the actual human body captured in the
dataset.
Average Joint Localization Error (S): This metric measures the average Euclidean distance between the

predicted positions of joints and their actual positions in the groundtruth data. It quantifies the model’s ability to
accurately predict the location of human joints, which are pivotal for understanding body movements.
Procrustes Aligned Mean Per-Joint Position Error (PA-S): After aligning the predicted pose to the

groundtruth pose using Procrustes analysis (which removes discrepancies caused by translation, rotation, and
scaling), this metric evaluates the mean positional error per joint. It provides an insight into the intrinsic accuracy
of the pose estimation, independent of global transformations.
Average Joint Rotation Error (Q): This evaluates the average angular difference between the rotations of

corresponding joints in the predicted and actual poses. It measures the model’s capacity to capture the orientation
of each joint correctly, which is crucial for dynamic activities that involve rotational movements.

Mesh Localization Error (T):Measures how accurately the entire estimated mesh is localized in space relative
to the groundtruth mesh. This metric is calculated as the average distance between the centroids of the estimated
and actual meshes and the spread of the error across the mesh surface.

6.3 Overall Performance
We first evaluate the overall performance of our system in two strong baselines and four different settings. Our
model is trained on the first 60% of each sequence, validated on the following 20%, and tested on the last 20%
from all subjects. The results are shown in Figure 9. Several conclusions can be drawn from the results:

• Comparison with Strong Baselines. mmRehab consistently outperforms both M4esh and mmGPE across all
major metrics for both dynamic motions and static postures. For dynamic motions, mmRehab (+KD) reduces
average vertex error (V) from 6.96 cm (M4esh) to 5.16 cm, achieving a 25.9% improvement. Similar improvements
are observed for average joint localization error (S, 32.0%), procrustes aligned mean per-Joint position error
(PA-S, 23.2%), average joint rotation error (Q, 7.5%), and mesh localization error (T, 39.0%) compared to the best
baseline. These results highlight that mmRehab achieves a superior balance between dynamic adaptability and
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Fig. 9. Overall performance comparison across dynamic (a) and static (b) scenarios. Bars indicate mean errors over five
metrics—velocity (V), skeleton (S), pose-aligned skeleton (PA-S), joint angle (Q), and translation (T). mmRehab achieves the
best performance under both conditions.
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Fig. 10. Generalization performance on unseen users. mmRehab consistently yields the lowest errors under both dynamic and
quasi-static settings, demonstrating strong cross-user generalization in 3D mesh reconstruction.

static precision, with vitality-aware sensing and geometry-aware knowledge transfer enabling high-fidelity
mesh reconstruction beyond existing mmWave-based frameworks.

• Performance Across Different Settings. Directly incorporating static clutter increases errors in both
dynamic and static cases due to substantial background interference. In contrast, introducing fine-grained static
feature spectra enables the model to better represent stationary body components, substantially improving
mesh accuracy for both motion types. The improvement is especially evident for static postures, with errors
reduced from (V: 7.21 cm, S: 6.44 cm, PA-S: 5.23 cm, Q: 4.03°, T: 5.32 cm) to (V: 4.75 cm, S: 3.38 cm, PA-S: 3.29 cm,
Q: 3.54°, T: 3.03 cm). Further gains are achieved with knowledge distillation, which enhances latent feature
representations and yields consistent improvements in both static and dynamic scenarios.

6.4 Generalization
To assess the generalization robustness of mmRehab, we further evaluate its performance on unseen users and
unseen activities, ensuring that mmRehab can adapt to new subjects and motion patterns beyond those observed
during training.

6.4.1 Unseen Users. In this section, we evaluate the generalization performance of our system on unseen users,
which better reflects its effectiveness in real-world applications.

To simulate this scenario, we randomly selected three users (one female and two males) from a total of ten
volunteers as unseen users, whose data were reserved for testing, while the remaining seven volunteers’ data
were used for model training.
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(a)

Video Frame Ground Truth BSL mmRehab

(b)

(c)

Fig. 11. Mesh estimation results for unseen users.

(a)

Video Frame Ground Truth BSL mmRehab

(b)

(c)

Fig. 12. Mesh estimation results for unseen postures.

The quantitative results are shown in Fig. 10. Although some performance degradation is inevitable on unseen
users, our model still achieves accurate human mesh estimation for both dynamic motions (V: 6.77 cm, S: 5.97 cm,
PA-S: 4.42 cm, Q: 5.04°, T: 4.03 cm) and static postures (V: 7.46 cm, S: 5.74 cm, PA-S: 4.13 cm, Q: 4.81°, T: 4.54 cm).
This performance significantly outperforms strong baselines such as M4esh and mmGPE.

Examining the internal design variations highlights the contribution of each module. Compared to the baseline
(BSL), directly incorporating static clutter (BSL+SC) does not consistently improve performance and even slightly
increases errors due to environmental interference. Introducing fine-grained static feature spectra (BSL+SFS)
substantially improves performance, reducing dynamic motion vertex error from 10.01 cm (BSL+SC) to 8.91 cm,
and static posture vertex error from 11.49 cm (BSL+SC) to 8.80 cm. Finally, adding geometry-aware knowledge
distillation (mmRahab) in mmRehab further reduces errors to 6.77 cm for dynamic motions and 7.46 cm for static
postures, demonstrating that the combination of fine-grained static features and knowledge transfer is critical for
robust generalization.
Figure 11 presents intuitive visual comparisons, including video frames, ground-truth (GT) human meshes,

and estimated meshes under the BSL and mmRehab configurations.
• Fig. 11 (a): The user performs a leg-lifting motion. While the BSL configuration detects the motion, it exhibits
substantial errors in angle prediction. In contrast, mmRehab accurately predicts the leg-lifting angle.

• Fig. 11 (b): The user lifts the left hand. Although BSL detects the left-hand motion, it produces significant
errors for the stationary right hand. mmRehab, however, accurately reconstructs the poses of both hands.

• Fig. 11 (c): The user maintains a static standing posture. The BSL configuration mispredicts the posture,
whereas mmRehab again provides an accurate estimation.
These results indicate that, despite the inevitable challenges posed by unseen users, mmRehab maintains

high-fidelity mesh reconstruction across all key metrics significantly outperforming both strong baselines and
intermediate model variants, thus confirming superior generalization capability.

6.4.2 Unseen Activities. To evaluate the system’s accuracy in recognizing unseen postures, we designed two
distinct experimental setups, highlighting different levels of motion generalization.
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(b) Results for Static Postures.

Fig. 13. Intra-limb unseen posture generalization.
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(b) Results for Static Postures.

Fig. 14. Cross-limb unseen posture generalization.

• Intra-Limb Unseen Postures. In this setup, 7 out of 23 motions and postures from Figures 7 and 8 were
selected as unseen for testing, while the remaining 16 were used for training. Specifically, dynamic cross-arm
movements—Raise Arms, Lower Arms, Open Arms, and Close Arms—were treated as unseen postures. For static
postures, Bow Step (right leg forward), On One Leg (right leg raised), and Sit were used as unseen examples.
This setup evaluates generalization within similar motion categories (i.e., no cross-limb transfer).

• Cross-Limb Unseen Postures. To further assess generalization to fundamentally different motions, we tested
cross-limb movements—Open Arms and Walking—that were not present in the training set. Static postures
remained the same (Bow Step, On One Leg, and Sit). This setup introduces a larger domain gap and evaluates
the model’s ability to generalize across distinct limb categories.

Quantitative results are presented in Fig. 13 and 14 . The results indicate that mmGPE, which can generate
realistic millimeter-wave signals for unseen postures, performs significantly better than all baselines except
mmRehab on dynamic motions. However, its performance on critical static postures remains suboptimal. Directly
incorporating SC further degrades system performance. The BSL+FSF configuration outperforms both BSL and
BSL+SC, demonstrating that fine-grained static features provide more informative structural cues. By additionally
applying knowledge distillation, mmRehab improves estimation accuracy for both unseen dynamic and static
postures beyond BSL+FSF, highlighting its superior generalization capability.

For more intuitive analysis, Fig. 12 shows visual examples of a user raising both arms, closing both arms, and
sitting, comparing the ground-truth and estimated meshes. While BSL struggles to capture the motion of both
arms, mmRehab accurately predicts them. For the static sitting posture, mmRehab correctly reconstructs the pose,
whereas BSL misclassifies it as standing. These examples clearly illustrate mmRehab’s robustness in estimating
unseen postures.
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Table 2. Performance across unseen distances.

Distance Dynamic Motions Static Postures
V(cm) S(cm) PA-S(cm) Q(°) T(cm) V(cm) S(cm) PA-S(cm) Q(°) T(cm)

2m 8.87 6.41 3.83 6.69 4.78 8.64 7.59 3.41 6.71 4.58
4m 7.46 6.79 5.23 6.36 2.35 10.47 9.40 6.47 9.30 4.15
5m 18.82 14.66 11.32 13.52 8.05 14.28 11.66 8.72 11.75 10.22
6m 18.64 14.22 11.05 13.75 8.04 17.80 12.47 8.54 15.77 11.81

Table 3. Performance across unseen orientations.

Angle Dynamic Motions Static Postures
V(cm) S(cm) PA-S(cm) Q(°) T(cm) V(cm) S(cm) PA-S(cm) Q(°) T(cm)

30° 10.08 8.64 4.83 8.55 7.25 12.87 11.19 6.64 10.48 8.62
60° 12.75 11.78 6.78 10.30 10.46 16.53 15.13 10.47 11.91 11.70
90° 17.47 16.04 9.82 13.06 14.11 20.29 19.86 11.89 15.10 17.53

Subject

Radar

30°
60° 90°

Fig. 15. Illustration of different radar–subject orientations.

6.5 Robustness
In this section, we evaluate the system’s robustness from three aspects: distance, orientation, and environment.
Specifically, for each distance, orientation, and environment, we collected data from four volunteers. Each
volunteer is asked to perform each motion or posture for 70 seconds. The four volunteers are unchanged
throughout the experiment. We use the model trained in the overall performance evaluation to test on these newly
collected data, thereby assessing the system’s performance on unseen distances, orientations, and environments.

6.5.1 Impact of Unseen Distances. We collect data from four volunteers at four additional distances: 2m, 4m, 5m,
and 6m. The Table 2 shows the results for different distances. We can see that when the distance is 2m and 4m,
the system can still accurately estimate the human mesh, demonstrating good robustness across various distances.
However, when the distance increases to 5m and beyond, the system’s performance declines dramatically. The
degradation can be attributed to two primary factors. Firstly, the reflected signal from the human body weakens at
greater distances, leading to a lower signal-to-noise ratio (SNR). Secondly, the human subject occupies a smaller
region in the radar heatmap, resulting in a loss of spatial detail and reduced feature separability. The impact of
these effects on the input distribution at longer distances is such that it becomes significantly different from the
training data collected at near range. This, in turn, has a detrimental effect on reconstruction accuracy.

6.5.2 Impact of Unseen Orientations. We collected data with volunteers facing the radar at different angles.
While the standard setup uses 0°, real-world scenarios often involve users not directly facing the radar. To
evaluate system performance under such conditions, we additionally collected data at 30°, 60°, and 90° (Figure 15).
Quantitative results are presented in Table 3.
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Table 4. Performance across unseen environments.

Environment Dynamic Motions Static Postures
V(cm) S(cm) PA-S(cm) Q(°) T(cm) V(cm) S(cm) PA-S(cm) Q(°) T(cm)

Meeting Room 8.82 7.67 5.70 7.03 5.65 10.17 9.22 6.65 8.33 6.49
Living Room 10.38 9.79 6.82 9.17 6.67 10.84 9.68 7.59 9.52 6.82

(a) Hall (b) Meeting Room (c) Living Room

Fig. 16. Experimental setups across different environments. (a) Hall, (b) Meeting Room, and (c) Living Room represent distinct
indoor scenes with varying background clutter, furniture layout, and multipath conditions. The radar and the camera are
highlighted by red and green boxes, respectively.

At 30°, the system still accurately estimates the human mesh. When the angle increases to 60°, performance
shows a noticeable decline, and at 90°, accuracy drops dramatically. This degradation is primarily due to two
factors: (1) changes in the reflection pattern caused by varying angles, which affect signal quality, and (2) a
reduction in the effective reflective surface area of the human body as the angle increases, limiting the information
available for accurate mesh estimation.
In future work, this issue could be mitigated by deploying radars at multiple positions and orientations to

capture the human body from diverse viewpoints, thereby improving robustness to user orientation.

6.5.3 Impact of Unseen Environments. To evaluate the system’s performance in previously unseen environments,
we collected data from four volunteers in two additional settings: a meeting room and a living room (Figure 16).
These environments are more complex, containing multiple surrounding objects that pose additional challenges
for human mesh estimation. Quantitative results are summarized in Table 4.

Despite the increased environmental complexity, the system achieves accurate human mesh reconstruction in
both settings, demonstrating strong robustness and generalizability to diverse, previously unseen environments.

6.6 Real-time Inference Latency
To evaluate the real-time performance, we analyze the computational latency of the mmRehab system. We
conduct the inference on a desktop (Intel(R) Core(TM) i7-14700KF CPU, NVIDIA GeForce RTX 4090 D GPU) and
report the average latency. The whole inference process is divided into five main stages: (1) Data Collection,
which includes capturing the raw IF signal from the radar and transferring it to the host machine; (2) Hierarchical
Feature Extraction, where the raw signal is processed by both the Dynamic Spatial-Kinematic Mapping and
Static Vital Micro-motion Extraction modules to generate the spatial-physiological representations; (3) Mesh
Estimation, which involves feeding the extracted features into the Radar Alignment Network to predict the SMPL
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parameters; (4) Mesh Generation, which decodes the predicted parameters via the SMPL model to generate the
3D mesh vertices; and (5) Visualization of the final reconstructed human mesh.

Their average latencies are 105.2 ms, 174.7 ms, 9.5 ms, 3.3 ms, and 38.6 ms, respectively. In total, the end-to-end
inference latency of the whole system is 331.3 ms, which demonstrates that our proposed system can operate in
real-time for continuous rehabilitation monitoring.

7 DISCUSSION
This section first discusses the remaining challenges and future directions of mmRehab, followed by considerations
on ethics and privacy.

7.1 Limitations and Future Work
While mmRehab demonstrates robust performance across diverse postures and users, two limitations remains.

• Angular Sensitivity. The system’s accuracy decreases under extreme incidence angles, especially near
90 degrees, where only a limited portion of the body surface is visible to the radar, leading to insufficient
geometric cues for reconstruction. This limitation can be mitigated by deploying multiple radars to achieve
full-body coverage and by expanding the antenna array to enhance angular resolution and reduce view
dependence.

• Single-user Constraint. Since mmRehab lacks segmentation and identity tracking, it currently supports
only single-user sensing. Extending it to multi-user environments—where echoes from multiple bodies
interfere—is an important next step, motivated by recent advances in multi-person mmWave tracking [14,
76, 78].

7.2 Ethics and Privacy
All experiments involving human participants were reviewed and approved by the institutional review board
(IRB). Prior to data collection, participants in both the main experiments and downstream evaluations were
informed of the study’s objectives, procedures, and potential risks, and each provided written informed consent.
During data processing, all personally identifiable information (PII) was anonymized or removed. Physiological
and behavioral data were stored on encrypted servers with restricted access and used solely for research purposes.
The data will not be publicly released without additional anonymization and renewed participant consent.

8 CONCLUSION
In this work, we addressed a fundamental limitation of RF sensing—its reliance on motion cues, which makes
it blind to the stillness that characterizes balance, endurance, and postural control in rehabilitation. We intro-
duced mmRehab, a unified mmWave sensing system that bridges motion-centric sensing and life-state perception.
The key novelty of mmRehab is to re-interpret what radar once dismissed as "clutter" as a rich source of infor-
mation: the reflections of micro-motions—minute signatures of life such as breathing, heartbeat, and subtle
sway—encode physiological vitality even in apparent stillness. mmRehab integrates two synergistic components:
i) the Micro-motion Feature Extraction couples beamforming-based spatial isolation with micro-Doppler temporal
discrimination to preserve and amplify respiration- and posture-related cues that are otherwise buried within
near-zero Doppler clutter; and ii) the Geometry-aware Knowledge Transfer leverages depth maps as an intemediate
bridge to transfer structural priors from vision to radar, enabling fine-grained 3D human mesh reconstruction.
Extensive experiments across dynamic and static rehabilitation tasks show that mmRehab reduces 3D reconstruc-
tion errors by over 24% and generalizes robustly to unseen users, distances, and orientations. Overall, mmRehab
transforms mmWave radar from a motion detector into a life-state observer, marking a step toward continuous,
contactless, and clinically meaningful rehabilitation monitoring.
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