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Abstract

One of the main challenges in reliable camera-based 3D
pose estimation for walking subjects is to deal with self-
occlusions, especially in the case of using low-resolution
cameras or at longer distance scenarios. In recent years,
millimeter-wave (mmWave) radar has emerged as a promis-
ing alternative, offering inherent resilience to the effect of
occlusions and distance variations. However, mmWave-
based human walking pose estimation (HWPE) is still in
the nascent development stages, primarily due to its unique
set of practical challenges including the quality of the ob-
served radar signal dependent on the subject’s motion di-
rection. This paper introduces the first comprehensive study
comparing mmWave radar to camera systems for HWPE,
highlighting its utility for distance-agnostic and occlusion-
resilient pose estimation. Building upon mmWave'’s unique
advantages, we address its intrinsic directionality issue
through a new approach—the synergetic integration of
multi-modal, multi-view mmWave signals, achieving robust
HWPE against variations both in distance and walking di-
rection. Extensive experiments on a newly curated dataset
not only demonstrate the superior potential of mmWave
technology over traditional camera-based HWPE systems,
but also validate the effectiveness of our approach in over-
coming the core limitations of mmWave HWPE.

1. Introduction

3D human pose estimation (HPE) aims to reconstruct the
3D coordinates of the human body, acting as a key com-
ponent for diverse applications such as human activity/gait
monitoring, clinical rehabilitation, and autonomous driving
[2, 5, 17-19, 31, 38, 39, 43]. Typical approaches in 3D
HPE primarily rely on vision systems, which involve one-
stage [11, 27] or two-stage mapping [15, 42] from input
videos into 3D joint coordinates. These systems, however,
face critical challenges when applied to walking subjects,

i.e. human walking pose estimation (HWPE), as the di-
verse trajectories of walking individuals in a broad area can
further complicate reliable data capture of joints. One of
the key challenges in camera-based HWPE systems is self-
occlusion, where movements of subjects across various di-
rections often cause their joints to be occluded from camera
by other body parts. The problem is even more pronounced
in scenarios utilizing low-resolution cameras or capturing
subjects from longer distances, where reduced effective res-
olution further exacerbates the impact of occlusion.

Alternatively, millimeter-wave (mmWave) radar systems
offer a fundamental solution to the challenges faced by
camera-based HWPE. Utilizing transmission and reception
of electromagnetic (EM) waves, mmWave radar not only
detects the spatial locations of human joints but also cap-
tures their velocities directly via the Doppler effect [3].
While visible light is easily blocked by occluding objects,
mmWave signals can easily bypass and traverse occlusions,
identifying whole human figures even when parts of their
body are obscured [44]. Moreover, mmWave radar is noted
for its resilience against distance-related information loss:
such capabilities make the technology particularly valu-
able in scenarios where visual line-of-sight is compromised,
such as in automotive applications where mmWave radars
are frequently used to detect distant targets obscured by
front vehicles [6, 14, 26].

Despite this promising potential of mmWave technology,
its practical efficacy in HWPE still remains underexplored.
A significant challenge originates from the ‘directional na-
ture’ of mmWave signals. Namely, while mmWave’s capa-
bility to track human joints excels along the radial direction,
it shows marked degradation of data quality when detect-
ing movements in lateral directions. Consequently, current
mmWave pose estimation models [ 1, 28, 33, 37, 45] are typ-
ically restricted to controlled scenarios (e.g. simple limb ex-
tension or lunge movements performed in place, or walking
only in pre-defined directions within limited spaces), and
fail to generalize to more complex, variable motions asso-
ciated with real-world walking scenarios.
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This work introduces the first comprehensive compari-
son between mmWave radar and camera systems specif-
ically for HWPE, exploring mmWave’s unique ability to
offer more occlusion-resilient and distance-agnostic pose
estimations for general walking subjects. We further en-
hance the capabilities of mmWave perception for HWPE by
addressing its inherent challenges, facilitating robust esti-
mations against both the influence of subject distances and
walking directions. Our approach is grounded on two prin-
cipal insights. First, we demonstrate that the joint use of po-
sitional and motional modalities—two distinct signal types
derived from a single mmWave sensor—can be mutually
beneficial, allowing more reliable HWPE outside controlled
settings and restricted region of interests (Rols). Further-
more, to overcome the challenges posed by the direction-
ality of mmWave signals, we introduce a novel cross-view
fusion strategy, enriching our system’s ability to accurately
capture poses of walking subjects across various orienta-
tions and trajectories.

Building upon these two insights, we propose
MVDoppler-Pose, a new HWPE model that leverages
the fusion of multi-modal and multi-view signals for ad-
vanced mmWave HWPE. For synergetic integration across
multi-modal and multi-view signals, MVDoppler-Pose
strategically decomposes the overall fusion pipeline into
multi-layered, dual-stage fusion blocks.  Specifically,
within the iterative encoding blocks, the positional and
motional representations within each sensor are initially
combined through cross-modal fusion (CMF), followed
by cross-view fusion (CVF) for modality-wise integration
between sensors. The overall model is further guided by
a cross-domain loss function, promoting an integrated
training of positional and motional signatures. Depending
on the use of CVF, our MVDoppler-Pose is applicable in
both single-view and multi-view setups.

As another contribution of our work, we have ex-
panded the previous MVDoppler dataset' [8] for 3D
pose estimation task, released as MVDoppler-Pose dataset.
This enriched dataset now involves 3D human pose an-
notations with a comprehensive coverage of diverse lo-
cations and walking trajectories of subjects. Relying
solely on EM reflections, MVDoppler-Pose with a single-
view setup demonstrates relative superiority to camera-
based HWPEs in scenarios with occlusion at longer dis-
tances, while markedly outperforming the conventional
mmWave approaches. More impressively, MVDoppler-
Pose with a multi-view setup can fully overcome the chal-
lenges of single-view mmWave HWPE, establishing the
first distance- and orientation-resilient HWPE across a large
area.

In summary, this work has the following contributions:

* We demonstrate that the use of mmWave technology can

Ine tps://mvdoppler.github.io/

address the challenges of camera HWPE, particularly in
scenarios involving occlusions and long distances.

* Unlike previous mmWave approaches limited to con-
trolled human movement scenarios in restricted space,
our MVDoppler-Pose enables HPE even for random
walking subjects across a much larger space. °

* We release MVDoppler-Pose dataset by expanding the
previous MVDoppler dataset [8], which offers a full char-
acterization and benchmarking of sensor-wise HWPE
across comprehensive locations and walking directions.

2. Related Works

2.1. Vision-Based Pose Estimation

Contemporary vision-based 3D HWPE can be broadly cat-
egorized into two principal approaches: One-stage and two-
stage models. One-stage approaches directly map input im-
ages or videos into 3D joint coordinates [11, 27, 36]. In
contrast, two-stage approaches initially extract 2D coordi-
nates using pre-trained models, and then elevate the 2D
pose into 3D space [7, 20], offering significant resource
savings compared to one-stage models. To navigate the in-
trinsic depth ambiguity in monocular video, another strand
of methods deploys temporal correlations from neighbor-
ing frames. Pavllo er al. [23] introduced a temporal fully-
convolutional network that models 3D local joints at a spe-
cific time frame using the information of adjacent frames
together. Further developments leveraged full transformer
architectures for 3D HWPE, exemplified with MHFormer
[15] and STCFormer [29], which proposed multiple hy-
potheses and parallelized spatiotemporal encoding, respec-
tively. Zhao et al. [42] further enriched the field by incor-
porating frequency representations for enhanced efficiency.
Despite the efficacy of vision-based approaches at close dis-
tances, they face performance degradation with increasing
distance and restricted viability even in mildly occluded
scenarios, struggling to maintain robust HWPE across di-
verse positions and walking trajectories.

2.2. mmWave-Based Pose Estimation

Positional Approaches. mmWave sensors, capturing the
surroundings using EM waves, offer distinctive advantages
for 3D HWPE, especially in scenarios where reliance on
visual data may be impractical. The primary approach for
mmWave 3D HWPE relies on positional information ob-
tained from radar signals. The majority of models treat
mmWave reflections in a manner akin to LiDAR data, i.e.
converting raw signals into point clouds and subsequently
mapping these point clouds onto joint coordinates utilizing
CNN [1, 37] or PointNet [35] architectures. Other method-
ologies involve direct processing of multi-dimensional raw

2The comparison of experimental conditions between previous and our
approaches is detailed in the supplementary material.
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tensors to further enhance performance with the cost of ad-
ditional computation [12, 33, 40, 41]. Despite the intuitive
nature of these positional approaches in mmWave HWPE,
they encounter challenges in capturing the detailed motional
dynamics of subjects under uncontrolled settings.
Motional Approaches. A major characteristic that distin-
guishes mmWave radars from other sensor technologies is
their Doppler property. Unlike the conventional positional
approaches that concentrate on the spatial features of a tar-
get, mmWave sensor’s Doppler property allows for the ex-
traction of a subject’s motional dynamics directly through
the macro- and micro-velocity spectra [3]. This unique as-
pect of the mmWave modality motivated Zhou et al. [45]
to pioneer a Doppler-based model for motional HWPE, es-
tablishing a foundational proof-of-concept. Tang et al. [28]
augmented this concept by combining initial position infor-
mation with Doppler-derived motional features, enabling
enhanced pose tracking over time. However, compared to
positional approaches for HWPE, motional approaches typ-
ically exhibit less accurate results due to the absence of es-
sential positional information in the Doppler signatures.

3. Preliminary

3.1. mmWave Signal Model

mmWave radar sensors function by periodically emitting
EM waves and capturing their scattering from surroundings.
To distinguish each EM scattered reflection, a large body
of mmWave approaches employ the frequency-modulated
continuous-wave (FMCW) technique. Following a series
of fundamental pre-processing steps, the received FMCW
signal can be represented as the following complex-valued
data [4, 9, 10]:

s(R,t) = Z ;6 (R — Ri(t)) exp (jO:i (1)), (1)

where ¢ corresponds to individual EM scattering centers, re-
flected from various segments of a human body such as the
torso, arms, and legs. R; signifies the radial distance from
the mmWave sensor to each respective ¢-th scatterer, while ¢
denotes the time instant. Note that the representation of the
received mmWave signal is characterized as a linear combi-
nation of range-delayed impulse pulses, each modulated in
both magnitude « and phase 6 by the respective scatterers.

3.2. Positional Measurement from mmWave Signals

As demonstrated in Eq. (1), mmWave radar operates as a ra-
dial sensor, primarily capturing the position of reflective tar-
gets through the time-of-arrival of pulses. This mechanism
implies that the spatial information about each scatterer (en-
capsulating each human joint) is projected onto the single
radial dimension. This single radial component in mmWave
data is often insufficient to separate and localize human

Lateral resolution
at far distance

Lateral resolution
at near distance

Multi-View

Single-View

Figure 1. Conceptual figure for radial and lateral sensing in single-
view (left) or multi-view (right) setup. Compared to single-view
configuration, multi-view radars can preserve a much finer as well
as distance-independent level of lateral resolution.

joints, necessitating additional information sources. The
most prevalent strategy to obtain extra dimension involves
the use of a multi-input-multi-output setup, which allows
an enhanced lateral (i.e. cross-range) dimension through its
arrangement of spatially distributed antennas [9, 13].

The principal issue here lies in the large disparity in reso-
lution between the range and cross-range dimensions. This
discrepancy in resolution is further pronounced with dis-
tance, as visualized on the left side of Fig. 1. For instance,
a typical off-the-shelf 3TX-4RX radar system [30] with a
1GHz bandwidth maintains a consistent radial resolution
of AR =~ 15cm regardless of target distance as long as
there is sufficient SNR. However, its cross-range resolution
degrades, showcasing AC'R =~ 26cm at 1m and an even
largely diminished ACR = 2.6m at 10m. Given that the
standard human stride is around 75cm [21], this acts as a
practical bottleneck for HWPE, predominantly restricting
the efficacy of current mmWave-based models to scenarios
where the individuals perform movements mainly in radial
direction (e.g. lunge or walking back and forth in front of
the sensor) while doing lateral movements (e.g. raising arms
to the side) only at short distances (<3 m) [1, 37].

3.3. Motional Measurement from mmWave Signals

A mmWave sensor is capable of measuring Doppler signa-
tures of targets in addition to their locations, which differen-
tiates it from other sensing modalities. The Doppler effect
in the EM waves occurs as a form of frequency shift corre-
sponding to the relative velocity between the source and the
target scatterer [9]. This velocity-dependent shift is modu-
lated into the phase 6(t) of the received signal.

Given that each joint of the human body generally moves
at distinct velocities, such motional measurements can in-
troduce another source of information for localizing human
joints. This motional data, like its positional counterpart,
also exhibits inherent resilience to the effect of distance,
underscoring its potential for estimating pose information.
Nevertheless, the motional data lacks essential positional
context, facing the challenge of complex mapping from
the motional domain into the positional joints. Another
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Figure 2. Positional and motional mmWave measurements of a
walking person. When the right-left positional difference mea-
sured from mmWave radar is minimal (¢ = 3), their motional dif-
ference becomes maximal, and vice versa.

complication arises from the directional nature of Doppler
measurements: the quality of motional information derived
from Doppler shifts is contingent both on the observation
angle and the movement direction of the subject. This com-
plexity, in turn, leads to performance degradation when the
target’s motion is perpendicular to the sensor, forcing the
model to function well only with the radial movements [8].

3.4. Motivation

Through examining the dynamics of individual body parts
(particularly limb joints) for a moving person, an interest-
ing pattern comes to light: mirroring the cyclical nature
of human gaits, both the radial range and velocity of limb
joints display a sinusoidal oscillation, marked by a phase
difference of approximately 7 /2 relative to each other (Fig.
2). This pattern, especially evident in the opposing mo-
tions of the right and left joints, unveils a complementary
nature between the positional and motional modalities in
differentiating and tracking the right and left sides of a hu-
man figure. Notably, when the right-left range difference
measured from the mmWave sensor is minimal (the hard-
est case for positional HWPE), their velocity difference be-
comes maximal (the easiest case for motional HWPE), and
vice versa. Motivated by this complementary relationship,
instead of relying exclusively on either positional or mo-
tional mmWave measurements, we propose a new learning
framework based on the fusion of both modalities.

Beyond the cross-modal sensing, we delve into rec-
ognizing the potential of multi-view setup to address the
domain-specific dependency issues in the ‘lateral dimen-
sion of radar’. The essence of this strategy is the introduc-
tion of an additional sensor in the lateral direction, whose
radial sensing can now cover the cross-range function of
the primary sensor. Particularly, considering the distance-
resilient capability of mmWave signals in the radial direc-
tion, this multi-view concept not only overcomes the angle-
dependency hurdles associated with positional and motional
mmWave measurements, but also allows the full poten-
tial of their distance-resilient nature in both radial and lat-

eral dimensions, as depicted in the right side of Fig. 1.
This approach consequently allows us to develop the first
trajectory-agnostic HWPE over a wide coverage area.

4. Methodology

Building upon our preceding motivation, we leverage dual
modalities (i.e. positional and motional measurements) cap-
tured from multi-view sensors for mmWave HWPE. A no-
table complexity here is that these four inputs exist inde-
pendently, each bearing its unique weight and significance
in the context of joint tracking. To navigate this complexity,
MVDoppler-Pose is designed to trace each mmWave mea-
surement across time and integrate them through a multi-
layered, dual-stage fusion strategy. This integration is fur-
ther supported by a new cross-domain loss function.

Fig. 3 delineates the overall pipeline of our model. It
takes time-range (positional) and time-Doppler (motional)
data acquired from multi-view mmWave sensors as input,
which are then encoded through dedicated blocks. Dur-
ing the iterative encoding pipeline, the CMF module first
takes charge of fusing positional and motional representa-
tions within each sensor. Following this, CVF modules,
specific to each domain, are employed for inter-sensor in-
tegration. This encoding and dual-stage fusion sequence
is iteratively applied across multiple layers, facilitating a
holistic fusion across varying resolution levels.

4.1. Pre-Processing

To form positional inputs spanning the time-range domain,
we apply time windowing on the received signals s(R,t),
and select only the magnitude component. For motional in-
puts, we extract Doppler information by applying a short-
time Fourier transform along the time axis, representing
time-velocity data. These signals are then standardized
through uniform resizing, yielding positional and motional
mmWave images, as illustrated in Fig. 3.

For effective encoding of each mmWave image, our
model adopts the MobileViT backbone [22]. The back-
bone is characterized by iterative blocks, each structured
as a series of convolutional operations and self-attention-
based transformer encodings, interspersed with tokeniza-
tion and de-tokenization phases. This deliberate alternation
between convolutional and attention sequences can facili-
tate the effective use of transformer’s capability on global
context capturing while securing the local contextual inter-
actions through convolutional processes.

4.2. Multi-Modal, Multi-View Fusion

We note that a sequence of representation tokens is gen-
erated during the tokenization and de-tokenization cycles
within the MobileViT block. This recognition leads us to
strategically apply fusion at the token level within this cycle,
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Figure 3. Overall pipeline of the proposed MVDoppler-Pose model.

which not only ensures an efficient deployment of attention-
based fusion modules but also fosters a multi-layered fusion
across the iterative MobileViT blocks. We further decom-
pose the fusion process into the dual-stage cross-attention
mechanism, aiming for a cohesive integration of the four
distinct representations. As illustrated in Fig. 3, the initial
stage involves the CMF module, where the positional and
motional tokens derived from the same sensor are selected
as the base query and target, respectively, for cross-modal
integration. Subsequently, in the CVF stage, tokens from
each modality of cross-view sensors are merged for inter-
sensor incorporation. This two-stage fusion pipeline con-
tinues throughout iterative encoding blocks to maximize the
benefits of multi-layered integration.

Meanwhile, it’s noteworthy to state that salient informa-
tion is often densely concentrated in specific regions in the
mmWave images, as evident in the input images of Fig. 3.
Accordingly, applying attention indiscriminately across en-
tire patch sequences within such mmWave images can lead
to a drastic increase in computational burden as well as an
inadvertent intervention of noise elements. To circumvent
these challenges, we use sparse attention [25], which selec-
tively correlates only the top-k tokenized mmWave patches
from an n-length input sequence (k < n), ensuring effi-
cient fusion as well as minimizing noise interference.

4.3. Cross-Domain Loss Function

The final 3D pose coordinates p € R3*7»*7 are obtained
by averaging the multi-modal, multi-view representations
at the final layer and applying a linear projection, where 7T},
denotes the temporal frame of the output and .J signifies the
defined number of joints. To guide the model towards more

integrative learning across both positional and motional do-
mains, in harmony with our multi-modal inputs, we intro-
duce the additional employment of cross-domain loss. Ex-
tending beyond the conventional mean per joint position er-
ror (MPJPE) loss that centers primarily on the positional
aspects, inspired by [34], our loss function additionally in-
corporates the following distance metric newly defined in
the motion space:

(@)

where j and 7 indicate the joint index and the time interval,
respectively, and x represents a cross-product binary oper-
ation. Integrating the new motional distance with MPJPE,
the final cross-domain loss is designed as

m(t,j) = p(t+7,j) *p(t,7),

) T, J
= 7’} Hp(t,j)—PGT(tvj)Hz—i_
P7 =1 j=1
Tp—T
_Am (1= (m(t,5),m(t,5))),
T, |T| I €T t=1 jelg

3

where A\, and ), serve as balancing parameters for posi-
tional and motional losses, respectively. T is the interval set
to encompass multiple scales of 7. In particular, leverag-
ing the insight that the motional signatures within a human
body are primarily evident in the limb joints and manifest
as sinusoidal patterns, the motional component in our loss
function is specifically tailored to limb joints J, aiming at
enhancing Pearson’s correlation coefficient (PCC) ¢(-) be-
tween the predicted and ground-truth motional patterns.
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Table 1. Quantitative comparison of MVDoppler-Pose-variants against the vision- and mmWave-based models according to different levels
of target distance, specifically under self-occluded walking scenarios. Our multi-modal model surpasses the SOTA vision baselines beyond
8.5m in a single-view setup, and demonstrates significantly superior performance across all protocols in a multi-view setup.

. y <8.5m 8.5m< y <11.5m 11.5m<

Method Modality MP;JPEL pt | MPIPE| Y pt | MPIPE] pyT

Sun et al. [27] RGB 91.03 028 |114.57 0.18 |137.16 0.17
Wei et al. [36] RGB 88.16 0.28 (11397 0.19 |[133.80 0.17
Lietal. [15] RGB 9552 034 [119.75 024 |141.01 0.21
Zhao et al. [42] RGB 93.34 035 |116.16 024 |138.35 0.22
Wang et al. [33] mmW-Position|111.69 0.27 |107.86 0.27 |109.02 0.26
Zhou et al. [45] mmW-Motion | 116.66 0.28 [112.95 0.29 112.75  0.29
Tang et al. [28] mmW-Motion | 114.24 0.30 |109.52  0.31 110.13  0.30
Ours (Single-View)| mmW-Position| 108.09  0.27 [102.95 0.28 10593 0.26
Ours (Single-View)| mmW-Motion | 112.08 0.30 [109.77  0.31 108.62  0.31
Ours (Single-View)| mmW-Multi | 96.59 0.33 | 89.35 0.32 88.32  0.30
Ours (Multi-View) |mmW-Position| 70.10 047 | 67.22 0.49 64.83 0.48
Ours (Multi-View) | mmW-Motion | 71.57 0.53 | 67.88 0.52 68.25 0.52
Ours (Multi-View) | mmW-Multi | 63.27 0.53 | 59.11 0.53 58.24 0.54

5. Experiments

5.1. Experiment Design and Evaluation Metrics

To train and evaluate the proposed MVDoppler-Pose model,
we have expanded the scope of the previous MVDoppler
dataset [8], newly released as MVDoppler-Pose dataset with
enhanced annotations for 3D HWPE tasks. The dataset
originates from a configuration involving a stereo camera
and two cross-view FMCW radars. The capturing setup
guarantees a symmetrical coverage of 10mx 10m Rol, with
each sensor placed Sm away from this area. Note that our
Rol is significantly larger compared to those used in previ-
ous studies, which introduces greater complexity for HWPE
within the expanded space.

Within this extensive coverage space, a total of 13 sub-
jects were instructed to act different types of hand move-
ments, including normal walking, hands in pockets, and
texting. Such activities were performed in seven distinct
walking patterns (including random walking) across the en-
tire Rol, encompassing a rich spectrum of possible walking
directions and trajectories. The final paired data spans 6.3
hours. See supplementary for further details about dataset.

Following the protocols in [1, 37], our model is evaluated
based on the subject-independent split, where the models
are trained on data from 10 subjects and evaluated against
the measurements from the remaining 3 subjects. We uti-
lize the MPJPE (mm scale) and correlation (p) as evaluation
metrics, which assess the spatial and temporal quality of the
predicted 3D poses, respectively (see supplementary for de-
tails). For ablation studies, we also report the percentage of
correct keypoints (PCK) with a threshold of 150mm.

5.2. Experimental Results

Comparison with State-of-the-Art. We first compare the
proposed MVDoppler-Pose against state-of-the-art (SOTA)
vision- and mmWave-based models, specifically under self-
occluded scenarios across varying distances. Selecting
data instances where subjects move away from the sensor
(i.e. self-occluded trajectories), the assessments are catego-
rized according to three different distance levels (y <8.5m;
8.5m< y <11.5m; 11.5m< y), which are summarized in
Table 1. For the vision baselines, we present the results
of end-to-end models leveraging one-stage video encoding
[27, 36] and two-stage models [15, 42], each fine-tuned
using the synchronized RGB clips from the MVDoppler-
Pose dataset. For mmWave baselines, we have reimple-
mented and retrained existing position- [33] and motion-
only [28, 45] models to align with our hardware setup. We
also examine the variations of our model utilizing single-
view, single-modal inputs.

The comparison illuminates the distinct attributes of
each sensor modality. Vision-based models, while effec-
tive at closer ranges, start to significantly falter as dis-
tance level increases, primarily due to the distance-induced
information loss per pixel. Conversely, mmWave mod-
els exhibit great resilience to distance variations, maintain-
ing relatively consistent performance across the three dis-
tance levels. Meanwhile, the examination comparing dif-
ferent input domains within the mmWave model variants
reveals compelling findings as well. The position-only
mmWave models generally excel in the MPJPE metric com-
pared to their motion-only counterparts, while motion-only
mmWave models display a marked superiority in captur-
ing the temporal coherence of joints compared with their
position-only counterparts. This numerically illuminates
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Figure 4. MPJPE (Top) and temporal correlation (Bottom) of vision and mmWave-single baselines input with respect to walking directions.
0° or 180° represents a person walking away or towards the sensor, respectively. This illustrates that the vision baseline degrades with
range, showing lower performance than mmWave-Single beyond 8.5m as subjects walk away from the sensor.

the intrinsic complementarity between positional and mo-
tional mmWave inputs, supporting our insight for our multi-
modal model and highlighting its capacity to adeptly navi-
gate both spatial precision and temporal coherence. Fur-
thermore, compared to single-view, multi-view setup shows
significant superiority across all protocols.

Single-View Camera vs Single-View mmWave. Note that
the results in Table | are focused on the performance in
self-occluded scenarios. We extend our analysis for the vi-
sion [36] and single-view mmWave baselines to all walk-
ing scenarios, as showcased in Fig. 4. Overall, the vision
baseline exhibits a decline in performance as the distance
level increases. Additionally, examining the effect of walk-
ing angles reveals significant difficulties for the vision base-
line when subjects walk away from the camera (i.e. self-
occluded joints), particularly between -60° and 60°, where
self-occlusions are pronounced. In contrast, the mmWave-
single baseline maintains consistent robustness both against
distance variations and occlusions, outperforming the vision
model in challenging conditions like distant occlusions, par-
ticularly at distances beyond 8.5m.

Single-View mmWave vs Multi-View mmWave. Despite
the potential of mmWave signals in dealing with occlu-
sions and long distances, the single-view mmWave base-
line encounters notable performance declines when sub-
jects move tangentially to the radar (i.e. around +90° in
Fig. 5), posing limited capabilities over specific trajec-
tories of walking subjects. Our multi-view setup effec-
tively resolves this challenge, unleashing the full potential
of mmWave technology in HWPE: it consistently shows
significant resilience across nearly all scenarios, uniquely
ensuring distance- and orientation-invariant HWPE within
the entire coverage.

Qualitative Results. Fig. 6 showcases the 3D poses pro-
duced by our model alongside several baselines under var-
ious scenarios, accompanied by RGB visualizations. It is
evident that mmWave model successfully predicts the ac-

Table 2. Performance comparison by applying other multi-modal
fusion strategies or the variants of our fusion module.

Fusion Module IMPJPE| PCK?T pt

Wang et al. [32] 67.95 87.17 0.48
Prakash et al. [24] 65.26  89.31 0.50
Lieral. [16] 63.56  90.85 0.52
Ours w Single-Layer Fusion| 65.09 90.65 0.52
Ours w/o Sparse Attention | 62.77 91.17 0.52
Ours 60.96 93.24 0.53

tual pose even from challenging conditions with consid-
erable distances, occlusion, and dark lighting—scenarios
where other models often falter. Furthermore, the multi-
view mmWave model maintains its accuracy in the perpen-
dicular movement of the subject, providing an effective so-
lution for the challenges in the single-view mmWave model.

5.3. Ablation Studies

Effectiveness of Fusion Strategy. To investigate
the efficacy of our model’s fusion strategy employed for
harmonizing multi-modal and multi-view inputs, we con-
duct a comparative study with a range of alternative fu-
sion strategies [16, 24, 32], encompassing both traditional
multi-modal fusion modules and variants of our fusion ap-
proach. The results detailed in Table 2 demonstrate that
the proposed approach—characterized by dual-stage multi-
layered sparse cross-attention—consistently surpasses other
alternatives across all assessed metrics. Moreover, the com-
parison with our module’s variants numerically validates
that applying the multi-layered fusion across the encoding
pipeline, coupled with sparse attention, can further enhance
the overall efficacy of the fusion process.

Effectiveness of Cross-Domain Loss Function. We
delve into the impact of our cross-domain loss by compar-
ing it with mmWave variants trained with the standard po-
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Figure 5. MPJPE (Top) and temporal correlation (Bottom) of mmWave-single and mmWave-multi baselines with respect to walking
directions. 0° or 180° represents a person walking away or towards the sensor, respectively. While mmWave-Single experiences significant
performance drops in perpendicular walking scenarios, mmWave-Multi consistently maintains reliable HWPE across nearly all scenarios.
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Figure 6. Qualitative comparison of each baseline under various
walking scenarios.

Table 3. Performance comparison for different loss functions.

Loss—Positional Loss—Cross-Domain
MPIPE| PCKT  pt [MPIPEL PCK? ot

71.83 83.45 0.40/66.92 89.02 0.48
72.82 81.22 0.45/68.41 86.46 0.52
67.53 89.37 0.45/60.96 93.24 0.53

Modality

mmW-Position
mmW-Motion
mmW-Multi

sitional loss (Table 3). Overall, the inclusion of an addi-
tional loss component from the motional domain enhances
not only the temporal correlation of the models but also their
spatial accuracy. Particularly noteworthy is the remark-
able synergy this cross-domain loss yields with our model’s
multi-modal inputs, compared to single-modal cases.

5.4. Limitations

Despite the achievements of our MVDoppler-Pose, it still
has several limitations. Although we have substantially mit-
igated constraints in traditional mmWave HWPE systems,
our testing conditions are still somewhat limited— scenar-
ios involving a single subject and environments with mini-
mal clutter. Additionally, the scope of human walking activ-
ities is relatively narrow as well. The issues related with sin-
gle subject and limited clutter scenarios could potentially be
mitigated by integrating additional detection/tracking and
decluttering algorithms into our existing framework. Ad-
ditionally, considering that these overall limitations in vali-
dation stem from the constraints of the MVDoppler dataset
[8], we aim to collect and validate data from in-the-wild
scenarios to enhance the robustness and applicability.

6. Conclusion

This study introduces MVDoppler-Pose, a new mmWave-
based HWPE model designed to deal with the challenges
of self-occlusions and long-range estimation in traditional
HWPE systems. Our system is grounded in two founda-
tional insights: the synergistic relationship between posi-
tional and motional signals in mmWave sensor, and the po-
tential of multi-view fusion to overcome the challenges in
capturing details of lateral movements. The experimental
results validate that our model not only mitigates the in-
herent shortcomings of vision-based HWPE—such as self-
occlusions and distance-related degradation—but also over-
comes the primary issues of current mmWave-based HWPE
approaches. Ultimately, MVDoppler-Pose first establishes a
robust framework for consistent and accurate HWPE across
a variety of subject distances and trajectories.
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