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Abstract: Human skeleton estimation technology is indispensable in several fields, including medical
monitoring and sports biomechanics analysis. To overcome the drawbacks of traditional optical sensors
and wearable devices, which include light sensitivity, privacy concerns, and usability challenges, we
introduce a non-contact human skeleton estimation system that uses dual millimeter-Wave (mmWave)
Frequency-Modulated Continuous-Wave (FMCW) radar, termed as mm-HSE. We start by creating
a dual-node mmWave FMCW radar data acquisition platform. In three distinct environments—a
hallway, a meeting room, and an open space—data are collected from 12 participants, resulting in
30,000 range-angle maps using a customized signal processing pipeline. We then present a two-stage
network for human skeleton estimation and optimization. In Stage 1, multi-scale spatiotemporal
features are extracted from two input branches using a depthwise separable convolutional neural
network augmented with a self-attention mechanism. Initial estimates of 21 skeletal keypoints are
generated via a cross-modal attention fusion module. In Stage 2, we introduce a novel skeletal topology
optimizer that leverages graph convolutional networks to refine keypoint positions. Experimental
results demonstrate that mm-HSE achieves an average Mean Absolute Error (MAE) of 2.78 cm. In
cross-domain evaluations, the MAE remains consistently low at 3.14 cm, underscoring the model’s
strong detection accuracy, environmental adaptability, and overall robustness.

Keywords: human skeleton estimation; mmWave FMCW radar; range-angle maps; cross-domain

1. Introduction
Next-generation human–machine interaction systems are rapidly transforming modern lifestyles,

driven by advancements in millimeter-Wave (mmWave) radar miniaturization and edge computing
technologies. As a core task in computer vision, high-precision Human Skeleton Estimation (HSE)
plays a vital role in action recognition and behavior understanding by enabling the construction of
three-dimensional motion representations of critical joints such as the head, shoulders, and elbows [1,2].
HSE has demonstrated its considerable potential in multiple areas, including medical monitoring,
health, sports science, and smart home systems.

HSE approaches that are commonly used are divided into two categories: wearable device-based
and optical sensor-based [3–5]. High-resolution motion data that is robust to lighting conditions is
typically provided by inertial measurement units for wearable solutions [6]. In clinical settings where
long-term monitoring is required, their reliance on body-worn devices presents challenges for user
compliance [7]. The cost of equipment maintenance and discomfort from prolonged usage make
large-scale deployment more difficult. Optical sensor-based approaches, like those that use camera
systems combined with computer vision algorithms, can achieve high localization accuracy under
favorable conditions [8], compared to other approaches. Nevertheless, their performance is highly
prone to environmental lighting variations [9], and most importantly, the collection of biometric data
raises growing worries about privacy protection under regulatory frameworks.

In an attempt to overcome the shortcomings of traditional HSE approaches, recent research has in-
creasingly turned to alternative sensing approaches that use radio frequency signals [10]. Early efforts
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predominantly utilized commercial Wi-Fi devices operating in the 2.4/5 GHz frequency bands [11],
where coarse-grained action recognition was achieved by analyzing time–frequency features extracted
from channel state information. However, due to the relatively low carrier frequencies (e.g., 12.5 cm
wavelength at 2.4 GHz), these systems suffer from strong diffraction effects, resulting in poor spatial
resolution and making fine-grained skeletal localization particularly challenging. MmWave Frequency-
Modulated Continuous-Wave (FMCW) radar has distinct advantages because of its superior physical
properties.For instance, a 60 GHz mmWave radar, with a wavelength of approximately 5 mm, can
achieve a minimum range resolution of 3.75 cm when operating with a 4 GHz bandwidth. The com-
bination of a high center frequency and wide bandwidth is essential for enabling high-resolution,
multidimensional motion perception, which is achieved through the accurate measurement of range,
velocity, and angle [12,13]. In particular, the wide bandwidth plays a key role in determining range
resolution, allowing the radar to precisely distinguish between closely spaced objects. This fine-grained
resolution significantly enhances the accuracy of perception tasks across complex and dynamic en-
vironments. This modality confers three major benefits for HSE: 1) robust adaptability to varying
environmental conditions, particularly under poor lighting; 2) enhanced privacy protection, as in-
termediate frequency spectrograms lack identifiable visual or biometric features; and 3) non-contact,
long-term monitoring capabilities, which are especially suitable for scenarios such as continuous
tracking in smart eldercare systems. Moreover, the recent industrial-scale development of compact and
cost-effective mmWave FMCW radar chips [14] has substantially lowered deployment barriers, making
this technology increasingly viable for consumer-grade and ubiquitous computing applications.

Current mmWave FMCW radar-based HSE techniques primarily follow two dominant paradigms.
The first is the point cloud-based approach [15–18], which processes sparse radar point cloud data
and leverages spatiotemporal modeling combined with attention mechanisms to estimate keypoint
positions. While such methods preserve geometric structures and spatial topology [19], the inher-
ent sparsity and noise of radar point clouds result in significant information loss, thereby limiting
pose estimation accuracy. The second approach employs heatmap-based methods [20–23], where
time–frequency representations—such as Range-Doppler (RD) or Range-Angle (RA) maps—are com-
puted from intermediate frequency signals and used as inputs to deep neural networks [24]. These
representations retain richer motion and frequency domain features, making them more informative
than point clouds. However, several critical limitations remain in the current literature:

• Limited Model Generalization: Most prior studies have concentrated on optimizing performance
within controlled experimental settings, with limited attention to cross-domain generalization or
cross-user robustness. This restricts the applicability of current models in complex and dynamic
real-world environments.

• Absence of Physiological Constraint Modeling: Existing methods typically lack explicit incorpora-
tion of human anatomical structures or kinematic constraints, which often leads to estimations
that violate basic biomechanical principles. As a result, the predicted skeletal poses can deviate
substantially from physically plausible human motion patterns.

To address the technical limitations of existing mmWave FMCW radar-based HSE systems, we
propose a novel dual-radar skeleton estimation framework, termed as mm-HSE, which leverages col-
laborative sensing through a pair of orthogonally deployed mmWave FMCW radars. This orthogonal
configuration greatly enhances observation coverage and cross-view complementarity, which enables
richer spatial information acquisition from multiple angles. To support model development and
evaluation, we collect a large-scale dataset comprising 30,000 raw ADC sequences from 12 participants
across three representative indoor environments: a meeting room, a hallway, and an open space.
To ingestion neural networks, a custom signal processing pipeline has been developed to turn raw
intermediate frequency data into high-resolution RA maps. In terms of algorithms, mm-HSE utilizes a
two-stage estimation architecture. In Stage 1, lightweight depthwise separable convolutional neural
networks, augmented with self-attention modules, independently extract multi-scale spatiotemporal
features from the dual radar inputs. An initial estimate of 21 skeletal key points is generated by fusing
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these complementary features using a cross-branch attention mechanism. In Stage 2, we introduce
a skeletal topology optimizer based on Graph Convolutional Networks (GCN), which incorporates
biomechanical priors—including bone length consistency and joint angle constraints—to refine the
estimated skeleton into anatomically valid configurations. With this refinement, the final output is
ensured to have high localization accuracy and structural plausibility across diverse motion scenarios.

We extensively evaluate the performance of the proposed mm-HSE system through a series of
controlled experiments. First, to verify the feasibility of using RA maps for human skeleton estimation,
we benchmark several classical deep learning architectures, including ResNet18 [25], Long Short-Term
Memory (LSTM) [26], Convolutional Neural Networks-LSTM (CNN-LSTM) [27], and Mobile-friendly
Vision Transformer (MobileViT) [28]. Results demonstrate that these baseline models can achieve
estimation errors within 8 cm, confirming the effectiveness of RA maps as informative representations
for radar-based HSE. Building upon this foundation, the mm-HSE framework further reduces the
average error to 2.67 cm, significantly outperforming existing methods and highlighting the benefits
of its dual-radar design and anatomical refinement modules. To assess model generalizability, we
employed a stratified dataset partitioning scheme to evaluate the system under cross-domain and
cross-user conditions. The mm-HSE system consistently maintained an average error below 4 cm in
both settings, demonstrating strong robustness against environmental variability and individual user
differences. In addition to accuracy benchmarking, this study also includes comprehensive analyses of
critical performance factors, including keypoint-wise localization error, ablation of functional modules,
and the influence of historical input frame length.

The remainder of this paper is organized as follows. Section 2 reviews related work and provides
an overview of existing technologies for HSE using mmWave FMCW radar. Section 3 describes the
data acquisition and processing pipeline, including the working principles of mmWave FMCW radar,
the design of the sensing platform, and the generation of RA maps. In Section 4, we introduce the
proposed mm-HSE framework, covering data augmentation strategies, feature extractor, fusion and
initial estimation, and localization optimizer. Section 5 presents experimental results and analysis,
including performance comparisons with baseline methods, evaluations under cross-domain and
cross-user scenarios, and comprehensive ablation studies. Finally, Section 6 concludes the paper and
outlines potential directions for future research.

2. Related Work
2.1. Point-Cloud Based

In the field of human skeleton estimation based on mmWave FMCW radar point clouds, the
RadHAR system proposed by Akash et al. [12] represents a milestone. This system innovatively utilizes
5D point cloud data (including 3D spatial coordinates, Doppler velocity, and reflection intensity)
from commercial radars, addressing the inherent sparsity of mmWave point clouds by constructing
spatiotemporal voxel grids through a sliding time window. Experimental results demonstrate a
classification accuracy of 90.47% across five daily activity recognition tasks, highlighting strong
practical performance. Subsequently, Si et al. [13] developed the MARS system to address specific
needs in rehabilitation healthcare. By employing intelligent 5D point cloud dimensionality reduction
and 3D feature map transformation, MARS achieves 3D coordinate estimation for 19 skeletal keypoints
with a Mean Absolute Error (MAE) of 5.87 cm. The mmMesh system proposed by Xue et al. [14] further
advances the field by incorporating distance and reflection intensity into the 5D point cloud, forming
an enhanced 6D representation. Integrating anchor modules and attention mechanisms, mmMesh
achieves a mesh vertex reconstruction accuracy of 2.47 cm, setting a new benchmark for sparse point
cloud processing.

For complex motion scenarios, Cao et al. [15] introduced the VirTeach framework, which proposes
an innovative virtual point cloud augmentation strategy. By simulating point cloud distribution under
rapid motion, this approach reduces MAE by 20% in vigorous motion sequences. Building on this,
their subsequent mmPose-NLP system [16] adopts a natural language processing paradigm, utilizing
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a sequence-to-sequence architecture to process voxelized point cloud data, achieving a breakthrough
MAE below 3 cm for 17 anatomical keypoints, demonstrating the potential of interdisciplinary ap-
proaches. Recent advances in temporal modeling are equally noteworthy. Shi et al. [17] overcome
the limitations of single-frame data through sophisticated multi-frame 5D point cloud processing,
combining bidirectional-LSTM networks with a reliability assessment module to filter noise artifacts,
optimizing MAE to 2.84 cm. The Mikey system by Xie et al. [18] innovatively integrates adaptive
GCN with Transformer architectures, maintaining robust performance (MAE < 6 cm) across diverse
motion patterns. The mmHPE framework proposed by Wu et al. [19] employs a pioneering three-stage
“detection-augmentation-estimation” pipeline, leveraging bounding box-guided point cloud augmen-
tation and multi-scale networks to achieve an MAE of 4.5 cm while balancing computational efficiency
for real-time applications.

2.2. FFT-Spectrum Based

In recent years, heatmap-based methods have garnered increasing attention for their ability to
effectively exploit the rich spatial and temporal information embedded in radar signals. Within the
domain of spectrogram-based representation, mmPose, proposed by Cao et al. [20], introduces a novel
transformation of sparse point cloud data into customized three-channel RGB images that encode
horizontal (range–azimuth–intensity) and vertical (range–elevation–intensity) features. Compared to
the earlier RF-Pose system [21], mmPose reduces estimation errors in the X and Y axes by 1.0 cm and
1.3 cm, respectively. However, it also results in an increased error of 2.6 cm in the Z-axis, underscoring
the persistent difficulty in accurate elevation estimation.

To address the challenges of multi-dimensional feature fusion, Xie et al. [22] proposed the RPM
framework, which employs a dual-path heatmap input along with a spatiotemporal attention mech-
anism and a multi-dimensional fusion module. Cross-environment evaluations demonstrate that
RPM consistently outperforms both RF-Pose and mmPose in terms of pose estimation accuracy. The
HuPR framework introduced by Lee et al. [23] further advances the field by releasing the first public
benchmark dataset for millimeter-wave radar-based pose estimation. HuPR utilizes four-dimensional
heatmaps (range–Doppler–azimuth–elevation) and incorporates a GNN within a cross-modal learning
framework to optimize skeletal predictions. This method achieves significantly improved average
accuracy compared to RF-Pose. Notably, Rahman et al. [24] tackle the issue of kinematic inconsistency
by introducing a tri-modal heatmap input processed via a CNN–LSTM hybrid architecture. Their
system achieves an average estimation error of 6 cm across 13 keypoints, demonstrating the potential
of mmWave radar-based pose estimation for clinical applications such as medical monitoring.

Through a systematic review of existing literature, several key challenges in the field of human
skeleton estimation using mmWave radar remain insufficiently addressed: 1) The lack of compre-
hensive robustness evaluation limits model adaptability to complex and dynamic environments; and
2) most existing architectures neglect explicit modeling of human anatomical priors or kinematic
constraints, which can lead to physically implausible or anatomically inconsistent pose estimations.
These challenges collectively hinder the deployment of mmWave-based HSE systems in real-world ap-
plications, particularly in scenarios demanding high reliability, spatial coherence, and interpretability.

To address these limitations, we propose mm-HSE, as illustrated in Figure 1. The mm-HSE
framework consists of three primary components: 1) a dual-radar data acquisition platform (detailed
in Section 3.2), 2) a signal processing pipeline that converts raw ADC data into structured Range–Angle
maps (Section 3.3), and 3) a two-stage neural architecture for skeletal keypoint estimation and anatom-
ical refinement (Section 4).
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Figure 1. The architecture of the mm-HSE system, consisting of three core modules: data acquisition, data
processing, and the two-stage network.

3. Radar Data Acquisition and Processing
3.1. Operating Principle of FMCW Radar

The mmWave FMCW radar systems emit continuous signals whose frequency increases linearly
over time, known as chirp signals [29]. The transmitted signal can be mathematically described as

sT(t) = A cos
(

2π fct + πµt2 + ϕ0

)
, (1)

where A represents the amplitude of the transmitted signal, fc denotes the initial frequency, µ = B
Tm

represents the chirp rate with B being the bandwidth and Tm the duration of the chirp, and ϕ0 is the
initial phase.

When this signal reflects off a target located at a distance R and moving with a relative velocity v,
the received signal experiences a time delay τ(t) given by

τ(t) =
2(R + vt)

c
, (2)

where c is the speed of light. Consequently, the received signal can be expressed as

sR(t) = A cos
(

2π fc(t − τ(t)) + πµ(t − τ(t))2 + ϕ0

)
. (3)

By mixing the transmitted and received signals, the system generates an Intermediate Frequency
(IF) signal, whose frequency component is

fIF(t) = µτ(t) =
2µ(R + vt)

c
. (4)

Thus, the IF signal can be represented as

sIF(t) = A cos(2π fIF(t)t + ϕIF), (5)

where ϕIF encompasses the phase terms resulting from the mixing process.
In practical implementations, multiple chirp signals are transmitted sequentially. For the i-th

chirp, received by the m-th antenna element, and sampled at the k-th point by the Analog-to-Digital
Converter (ADC), the IF signal can be generalized as

sIF(i, m, k) = A cos(2π( fDiTm + fRkTs + fθm) + ϕtotal), (6)

where fD = 2v fc
c is the Doppler frequency component; fR = 2µR

c corresponds to the range frequency
component; fθ = fcd sin θ

c represents the angular frequency component; Ts =
Tm
Ns

is the sampling interval
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with Ns being the number of samples per chirp; ϕtotal includes all constant phase terms; d is the spacing
between adjacent antenna elements; θ is the angle of arrival of the target signal.

By performing two-dimensional Fourier transforms on the collected IF signals across multiple
chirps and antenna elements, the system can extract the range, velocity, and angle information of
targets, which are essential for subsequent detection and classification processes.

3.2. Experimental Setup and Data Acquisition
3.2.1. Data Acquisition Platforms

In this study, we develop a multimodal data acquisition system comprising the following compo-
nents:

• mmWave FMCW Radar Sensing : As illustrated in Figures 2(a) and (b), the system integrates
two commercial mmWave FMCW radars from Texas Instruments—the IWR1642BOOST and
IWR6843ISK—as primary sensing devices. These radars are connected to the DCA1000EVM data
capture module, enabling efficient acquisition and real-time transmission of raw radar signals.

• Optical Groundtruth Annotation: As shown in Figure 2(c), the system employs the Microsoft
Kinect V2 optical sensor as the groundtruth annotation device. This sensor provides high-
precision three-dimensional coordinates for 21 skeletal joints, as depicted in Figure 2(d), as a
reliable reference for subsequent algorithm training.

• Synchronization and Control System: Two high-performance computers functioning as the
control center manage the entire system. Time synchronization across multiple data sources is
achieved using the Network Time Protocol (NTP), enabling millisecond-level timestamp align-
ment and ensuring temporal consistency among different modalities.

• Radar Configuration: The core parameters of the two radars are optimized as shown in Table 1.
The IWR1642BOOST operates in the 77 GHz mmWave band, employing a 2-transmitter, 4-
receiver antenna array design, which forms 8 equivalent channels in the azimuth dimension
through MIMO virtual aperture technology. The IWR6843ISK operates at 60 GHz, featuring a
3-transmitter, 4-receiver antenna array to enhance elevation resolution. Notably, other parameters
remain consistent across both devices: the effective bandwidth is set to 3.072 GHz, the number of
samples per frame is fixed at 256, and the frame period is strictly controlled at 50 ms.

(a) IWR1642BOOST
radar

(b) IWR6843ISK
radar

(c) Kinect v2 camera

1

2

4

5678 9 10 11 12

13 17

14

15

16

18

21

19
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1. Hip Center
2. Spine
3. Neck
4. Head
5. Shoulder Left
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7. Wrist Left
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10. Elbow Right

11. Wrist Right
12. Hand Right
13. Hip Left
14. Knee Left
15. Ankle Left
16. Foot Left
17. Hip Right
18. Knee Right
19. Ankle Right
20. Foot Right
21. Shoulder Center

(d) Bone annotation

Figure 2. The data collection and annotation process utilizes the following hardware: (a) the IWR1642BOOST
radar for data acquisition, (b) the IWR6843ISK radar for data acquisition, (c) the Kinect V2 camera for data
annotation, and (d) The annotation of bone points output by kinect V2.
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Table 1. Dual Millimeter-Wave Radar Configuration Parameters

Symbol Parameter IWR1642BOOST IWR6843ISK
f0 Starting Frequency 77GHz 60GHz
B Effective Bandwidth 3.001GHz 3.001GHz

NTX Number of TX Antennas 2 3
NRX Number of RX Antennas 4 4

Nsample Number of Samples per Chirp 256 256
Nchirp Number of Chirps per Frame 32 32
Tf rame Frame Period 50ms 50ms

3.2.2. Data Acquisition and Action Design

To facilitate data alignment and spatial calibration, the IWR1642BOOST and Kinect V2 are
precisely adjusted to a reference height of 1.2 m in the vertical (y) dimension, while the IWR6843ISK is
positioned at 0.9 m to create a height difference. In the horizontal (x) layout, the IWR1642BOOST is
placed 0.6 m from the Kinect V2 center and 0.25 m from the IWR6843ISK, forming a stable triangular
observation network. During installation, high-precision tripods and a digital level are used to ensure
that the axial deviation of each sensor remains below 0.5 degrees, minimizing systematic errors.

The experiment involves 12 volunteers participating in daily activity data collection across three
typical environments: a meeting room, a hallway, and an open space. Volunteers are required to
perform activities within a distance of 2.5 m to 3.5 m from the acquisition hardware. The experiment
captures data for several daily actions, including walking, left-hand waving, right-hand waving,
simultaneous waving with both hands, and jumping. Each volunteer performs two rounds per action,
with each round consisting of 50 frames, resulting in a 2.5-second acquisition duration per action.

3.3. Signal Processing Pipeline for RA Map Generation

The transformation of raw IF signals into RA maps involves a structured sequence of signal
processing steps, each designed to extract specific target information. The RA map, with range on the
x-axis and azimuth angle on the y-axis, represents the intensity of target reflections and is instrumental
in target detection and imaging. The processing pipeline encompasses the following stages:

• Range Processing: Perform a Fast Fourier Transform (FFT) along the fast-time axis (i.e., within
each chirp) to obtain the range profile

SR(i, k, m) =
Ns−1

∑
n=0

sIF(i, m, n)e−j2πkn/Ns , (7)

where sIF(i, m, n) denotes the IF signal for the i-th chirp, m-th antenna element, n-th sample within
a chirp; and k indexes the range bins.

• Doppler Processing: Apply an FFT along the slow-time axis (i.e., across chirps) to generate the
Range-Doppler map

SRD(p, k, m) =
Nc−1

∑
i=0

SR(i, k, m)e−j2πpi/Nc , (8)

where Nc is the number of chirps per frame, and p indexes the Doppler bins.
• Angle Processing: Perform an FFT across the multiple receiver antennas to resolve the angular

position of targets

SRDA(p, k, q) =
NRX−1

∑
m=0

SRD(p, k, m)e−j2πqm/NRX , (9)

where NRX is the number of receiver antennas, and q indexes the angle bins.
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• RA Heatmap Generation: Generate the RA heatmap by extracting the zero-Doppler slice or
integrating over the Doppler dimension of the radar data cube

SRA(k, q) = SRDA(0, k, q) or SRA(k, q) =
Nc−1

∑
p=0

|SRDA(p, k, q)|2. (10)

This heatmap provides a two-dimensional representation of target reflections, facilitating subse-
quent tasks such as object detection and classification.

Cha
nn

el

Fast

Sl
ow

Range 
FFT

Doppler 
FFT

Angle 
FFT

RA Map
Generation

Figure 3. Radar data processing Pipeline.

4. Methodology
We introduce mm-HSE , a two-stage framework for human skeleton estimation leveraging co-

operative sensing from dual mmWave FMCW radars. As illustrated in Figure 1, the framework
comprises four integral modules forming a comprehensive end-to-end processing pipeline. First, the
data augmentation module employs multi-dimensional enhancement strategies tailored to the charac-
teristics of mmWave FMCW radar data, effectively improving the model’s generalization capabilities.
Second, the feature extractor module utilizes a hybrid network architecture that combines depthwise
separable convolutions with self-attention mechanisms to efficiently learn feature representations from
heterogeneous data collected by different radars. Third, the cross-modal fusion and initial estimation
module applies a cross-attention-based feature fusion approach to fully exploit the complementary
information from the dual radar inputs, generating an initial estimation of the human skeleton. Finally,
the localization optimizer module incorporates human kinematic constraints to refine the initial esti-
mation through a graph optimization network, significantly enhancing the accuracy and plausibility
of the skeleton estimation.

4.1. Data Augmentation

To enhance the robustness and generalization capability of the model against sensor noise and
target motion variability, we employ two data augmentation strategies: temporal augmentation and
3D keypoint rotation. These augmentations are applied to the radar heatmap sequences and their
corresponding groundtruth labels, respectively.

• Temporal Augmentation: Each radar heatmap sequence comprises T consecutive frames, with
each sample consisting of 5 frames. To introduce temporal variability, we apply random shuffling
to the frame order with a probability of 0.5. Specifically, we generate a random permutation
π ∈ ST , where ST denotes the set of all permutations of T elements, and reorder the frames
accordingly to obtain the augmented sequence H′ = H[π, :, :, :]. This process encourages the
model to learn temporal-invariant features, thereby improving its robustness to dynamic motion
patterns.

• 3D Keypoint Rotation: To account for variations in target orientation, we apply spatial transfor-
mations to the groundtruth 3D keypoints. With a probability of 0.5, we sample a random rotation
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angle α from the interval [−30◦, 30◦] and rotate the keypoints around the vertical (y) axis. The
rotation is implemented using the standard 3D rotation matrix for the y-axis

R =

 cos α 0 sin α

0 1 0
− sin α 0 cos α

.

The transformed keypoints are then computed as Y′ = Y · R, where Y ∈ RN×3 represents
the original keypoint coordinates, and N = 21 corresponds to the number of keypoints. This
transformation maintains the skeletal structure while enhancing the model’s adaptability to
changes in target orientation.

The augmented radar heatmap sequences H′
AZ, H′

EL ∈ RB×T×C×H×W and keypoints Y′ ∈ RB×N×3

are subsequently fed into the feature extraction stage, where B represents the batch size, C indicates
the number of channels, and H × W specifies the heatmap resolution.

4.2. Feature Extractor

The augmented dual-channel radar heatmap sequences H′
AZ, H′

EL ∈ RB×T×C×H×W are first
reshaped into a tensor of shape (B · T)× C × H × W. We then propose a feature extraction network
that integrates depthwise separable convolutions and a multi-head self-attention mechanism, aiming
to efficiently capture both spatial structures and temporal dynamics from the radar sequences. As
illustrated in Figure 4(a), the network comprises four depthwise separable convolutional blocks, each
consisting of a depthwise convolution, a pointwise convolution, batch normalization, and a ReLU
activation.

128

Pointwise ConvBN

112×112×3

Relu()
Depthwise ConvBN

Relu()
Pointwise ConvBN

4x

Self Attention
Linear()

Branch1-128

Linear()

Cross Attention

Branch2-128

Linear()

Cross Attention

Cat & Conv
Relu()

Linear()
Linear()

21×3

21×3

Graph Conv
Relu()

Graph Conv
Relu()

GraphPool
Linear()

21×3
Constraint Projection

21×3

(a) Feature Extractor                         (b) Fusion & Initial Estimation                       (c) Localization Optimizer               

Figure 4. Key modules of the mm-HSE system. (a) Feature extractor module: used for processing radar input
data. (b) Fusion and initial estimation module: used for merging radar input branches and providing prelim-
inary outputs of skeletal point coordinates. (c) Localization Optimizer: used for fine-tuning the skeletal point
coordinates.

For each frame H′
t ∈ RC×H×W , the depthwise convolution with a 3 × 3 kernel models the spatial

features of each channel independently, followed by a 1 × 1 pointwise convolution that fuses inter-
channel information. The resulting high-dimensional spatial feature is denoted as Ft ∈ R512×H′×W ′

.
To model the temporal dependencies across the sequence, we introduce a temporal modeling mod-

ule based on multi-head self-attention. Each frame-level spatial feature is flattened and reorganized
into a temporal sequence, yielding F = [F1, . . . , FT ] ∈ RT×D, where D denotes the dimensionality of
the flattened feature. Query, key, and value vectors are then generated through linear projections and
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partitioned into four attention heads (head_dim = 4). The multi-head attention mechanism captures
cross-frame dependencies and adaptively emphasizes critical motion frames, producing a temporal
feature representation with dimensionality dmodel.

Finally, a learnable projection matrix Wp ∈ R512×dmodel is applied to compress the high-
dimensional features into a compact representation fout ∈ RB×T×dmodel . The above process is applied
independently to both radar channels, resulting in two feature sequences FAZ, FEL ∈ RB×T×dmodel ,
which are then fed into the subsequent feature fusion module.

4.3. Fusion and Initial Estimation

Following temporal feature extraction, we design a cross-view attention-based fusion module
to effectively integrate complementary spatial information from the azimuth and elevation radar
channels. As shown in Figure 4(b), this module enables explicit bidirectional interaction between
the two branches, enhancing the network’s ability to capture motion-sensitive frames and structural
patterns from multiple perspectives. Specifically, the cross-attention mechanism allows the network
to effectively learn and fuse spatial features across the two radar views, facilitating better context
alignment and feature interaction between the azimuth and elevation channels.

The extracted temporal feature sequences FAZ and FEL ∈ RB×T×dmodel are first projected into a
shared embedding space through separate linear layers. The projected features are then fed into a
symmetric cross-attention mechanism, where each branch serves as the query vector and attends to
the other branch’s features as keys and values. This dynamic attention process enables the model to
capture the most informative frames that contain key spatial cues from either view. By attending to
complementary features from both views, the model learns to emphasize spatially critical areas in the
radar signal, such as structural relationships between key points, improving the robustness of feature
fusion in diverse radar conditions.

This interaction facilitates information exchange across views, allowing the model to emphasize
frames containing critical spatial or temporal cues and to establish frame-level contextual alignment
between modalities. The enhanced sequences F′

AZ and F′
EL are obtained through multi-head attention,

which allows the model to capture more fine-grained dependencies across multiple heads. Global
feature representations F̄AZ and F̄EL are computed by averaging over the temporal dimension. The
two global features are concatenated and passed through a fully connected layer to produce the fused
representation Ffused ∈ RB×dmodel , which integrates complementary information from both views.

To map the fused semantic representation to the 3D keypoint space, we introduce a lightweight
regression head composed of a ReLU activation followed by two linear layers. This regression module
transforms Ffused into the coarse pose estimation Ŷcoarse ∈ RB×N×3, where N denotes the number
of keypoints. The predicted coordinates serve as a reliable initialization for subsequent refinement,
providing a structurally informed pose prior that facilitates improved accuracy and convergence in the
final estimation stage.

4.4. Localization Optimizer

To further enhance the accuracy and anatomical plausibility of the coarse pose estimate Ŷcoarse ∈
RB×N×3, we design a refinement module as illustrated in Figure 4(c). This module, referred to as the
Estimation Optimizer, consists of a graph-based feature encoder followed by a constraint projection step,
producing the final refined pose Ŷrefined ∈ RB×N×3.

4.4.1. Graph-Based Encoding

The first part of the module leverages a two-layer GCN to model structural dependencies among
keypoints. Each GCN layer is followed by a ReLU activation to introduce non-linearity. The graph
topology is defined by a fixed adjacency matrix that encodes the kinematic structure of the human
body. A graph pooling operation aggregates contextual features, and a linear layer transforms the
output into updated 3D coordinates Y′ ∈ RB×N×3.
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4.5. Constraint Projection

To enable end-to-end training while enforcing anatomical constraints in a progressive manner,
we design a differentiable module with three sequential steps: bone length refinement, joint angle
refinement, and Residual Fusion. The module takes the GCN-encoded keypoints Y′ ∈ RB×N×3 and
features F ∈ RB×N×D as input, producing the final refined pose Ŷrefined ∈ RB×N×3.

4.5.1. Bone Length Refinement

A two-layer MLP predicts residual adjustments to enforce bone length constraints

Y′′ = Y′ + MLPbone(Y
′, F), (11)

where MLPbone has 64 hidden units with ReLU activations, outputting residuals ∆Y ∈ RB×N×3. For
each bone connection (s, t) ∈ C, where C contains 20 predefined bone pairs, we compute the predicted
bone length

ls,t = ∥y′′
s − y′′

t ∥2. (12)

Target bone lengths are predicted by
l∗s,t = MLPl(fs, ft), (13)

where fs, ft ∈ RD are GCN features. The bone length loss is

Lbone = ∑
(s,t)∈C

(ls,t − l∗s,t)
2. (14)

4.5.2. Joint Angle Refinement

A second two-layer MLP refines Y′′ to enforce joint angle constraints

Y′′′ = Y′′ + MLPangle(Y
′′, F), (15)

with the same MLP architecture. For each triplet (s, t, u) ∈ T , where T contains four predefined angle
constraints, we compute the cosine of the predicted angle

cos θs,t,u =
(y′′′

s − y′′′
t ) · (y′′′

u − y′′′
t )

∥y′′′
s − y′′′

t ∥2∥y′′′
u − y′′′

t ∥2 + ϵ
, (16)

with ϵ = 10−8 for numerical stability. Target angles are predicted by:

θ∗s,t,u = MLPθ(fs, ft, fu). (17)

The angle loss is
Langle = ∑

(s,t,u)∈T
(cos θs,t,u − cos θ∗s,t,u)

2. (18)

4.5.3. Residual Fusion

To balance constraint-based correction with the stability of the initial prediction, we apply the
Residual Fusion mechanism. The final refined pose is computed as a convex combination of the coarse
estimate Y′ and the constraint-refined pose Y′′′

Ŷrefined = w · Y′′′ + (1 − w) · Y′, (19)

where w ∈ [0, 1] is a fusion weight hyperparameter. This fusion ensures adaptive refinement while
maintaining robustness.
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4.5.4. Total Loss

The overall loss combines keypoint regression with anatomical constraints

L = Lkeypoint + λ1Lbone + λ2Langle, (20)

where Lkeypoint = ∥Ŷrefined − Ygt∥2
2 measures the error against ground-truth keypoints Ygt, and

λ1 = 0.3, λ2 = 0.1 are hyperparameters.

4.6. Evaluation Metrics

To evaluate the accuracy of the predicted 3D skeleton, we employ two widely adopted metrics,
which provide interpretable and robust measurements of keypoint localization performance

• Mean Absolute Error (MAE): This metric quantifies the average L1 distance between the pre-
dicted keypoints and the groundtruth keypoints across all samples, joints, and spatial coordinate
dimensions (x, y, z).

MAE =
1

B · N · 3

B

∑
b=1

N

∑
n=1

(
|ŷb,n,x − yb,n,x|+ |ŷb,n,y − yb,n,y|+ |ŷb,n,z − yb,n,z|

)
, (21)

where ŷb,n,x/y/z and yb,n,x/y/z denote the predicted and groundtruth coordinates of the n-th
keypoint in the b-th sample, along the x, y, and z axes respectively.

• Root Mean Square Error (RMSE): This metric measures the average L2 error between predicted
and groundtruth coordinates along the three spatial dimensions.

RMSE =

√√√√ 1
B · N · 3

B

∑
b=1

N

∑
n=1

(
(ŷb,n,x − yb,n,x)2 + (ŷb,n,y − yb,n,y)2 + (ŷb,n,z − yb,n,z)2

)
. (22)

Each keypoint is defined by its (x, y, z) position in centimeters, with x indicating the horizontal
axis, y the vertical axis, and z the depth.

5. Experimental Results and Analysis
5.1. Experimental Setup

All experiments were conducted on a high-performance computing platform equipped with
an AMD EPYC 7742 CPU and eight NVIDIA V100 GPUs. The implementation was based on the
PyTorch 1.9.0 deep learning framework. To accelerate training, data parallelism was employed across
the available GPUs. The dataset used in this study is a self-constructed radar-based human skeletal
heatmap dataset, where each sample comprises an azimuthal heatmap, an elevational heatmap, and
the corresponding 3D keypoint annotations.

A stratified sampling strategy was adopted to divide the dataset into training and testing subsets
in an 8:2 ratio, with 80% of the data allocated for training and the remaining 20% reserved for evaluation.
To assess the generalization performance of the proposed method, two types of domain adaptation
scenarios were explored: (1) cross-domain, where the model was trained on one scene and tested on
two distinct scenes; and (2) cross-user, where training was conducted on data from two individuals and
testing on data from nine different individuals. During training, the data augmentation techniques
detailed in Section 4.1, including temporal sequence shuffling and 3D keypoint rotation, were applied.
No augmentation was applied during inference to maintain the authenticity and objectivity of the
evaluation.

The model was trained using a batch size of 32 and an initial learning rate of 0.001. A step-based
learning rate scheduler was applied, decaying the learning rate by a factor of 0.5 every 20 epochs.
The optimization was carried out using the Adam optimizer for up to 100 epochs. Early stopping
was triggered if the validation loss failed to improve for 20 consecutive epochs. In the residual fusion
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module (Equation (19)), the fusion weight w was set to 0.6 to balance spatial accuracy and anatomical
regularization. The model dimensionality dmodel was set to 64, while the hidden dimension of the
GCN dh was set to 128. Both the self-attention and cross-view attention modules were configured with
4 attention heads.

5.2. Comparative experiment

To validate the feasibility of performing HSE based on mmWave FMCW radar RA maps, we
conduct comparative experiments using four representative deep learning models: ResNet18 (2D
convolutional backbone) [25], LSTM (temporal sequence modeling) [26], CNN-LSTM (spatial–temporal
hybrid model) [27], and MobileViT (a lightweight vision transformer) [28]. The results are presented
in Figure 5 with performance evaluated using MAE and RMSE across horizontal, vertical, and depth
axes. Among the baselines, ResNet18 yielded the highest error rates, with an average MAE of 5.86 cm
and RMSE of 7.98 cm, particularly underperforming in depth estimation (MAE = 7.18 cm; RMSE =
9.27 cm). In contrast, CNN-LSTM and MobileViT showed significantly better performance. CNN-
LSTM achieved an MAE of 4.36 cm and RMSE of 6.38 cm, while MobileViT reached an MAE of 4.83 cm
and RMSE of 6.62 cm, indicating that architectures capable of modeling either temporal sequences or
global attention contribute meaningfully to pose estimation accuracy from radar signals.
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Figure 5. Verifying the feasibility of using range-angle maps for human skeleton estimation.(a) represents the
MAE error, and (b) represents the RMSE error.

Further, Figure 5 shows that our proposed method, mm-HSE, achieves substantial improvements
over all baselines. Specifically, mm-HSE attains the lowest average MAE of 2.78 cm and RMSE of
4.35 cm, with consistently superior performance across all axes (e.g., horizontal MAE = 2.24 cm; depth
RMSE = 5.51 cm). These results validate the effectiveness of our dual-radar cooperative design and
the proposed skeletal constraint refinement strategy. By integrating anatomical priors and leveraging
cross-radar spatial complementarity, mm-HSE significantly enhances the structural accuracy and
robustness of 3D skeletal keypoint localization from sparse radar reflections.
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To further assess the effectiveness of the proposed mm-HSE framework, we conduct com-
parative evaluations against four representative radar-based 3D human pose estimation meth-
ods: RF-Pose3D [21], RPM [22], mmPose [20], and HuPR [23]. As summarized in Table 2, mm-
HSE consistently achieves the lowest MAE across all spatial dimensions—horizontal, vertical,
and depth—outperforming all baselines by a considerable margin. Compared to RF-Pose3D and
mmPose—the two next-best performing methods with average MAE of 4.37 cm and 4.47 cm,
respectively—mm-HSE achieves a relative error reduction of 36.4% and 37.8%. The improvement
is even more pronounced when compared to HuPR, with a 59.2% reduction in average MAE. Addi-
tionally, mm-HSE consistently outperforms all methods on individual spatial axes: the horizontal,
vertical, and depth errors are 2.24 cm, 2.75 cm, and 3.36 cm, respectively, whereas other methods show
imbalanced or significantly higher errors—e.g., mmPose exhibits a horizontal MAE of 7.5 cm, and
RF-Pose3D struggles in the depth dimension.

Table 2. Experimental results of related work based on MAE evaluation index.

Model Data Representation Training Set Test Set
MAE (cm)

Horiz. Vert. Depth Avg.

RF-Pose3D [21] Heatmap 127080 423360 4.9 4.0 4.2 4.37
RPM [22] Heatmap 278480 69620 – – – 5.71
mmPose [20] RGB Image 32000 1700 7.5 2.7 3.2 4.47
HuPR [23] VRADE Heatmap 115800 12600 – – – 6.82
mm-HSE Heatmap 27000 3000 2.24 2.75 3.36 2.78

We observe that the mm-HSE model demonstrates superior performance compared to baseline
methods. However, direct comparisons must be interpreted cautiously due to potential biases arising
from variations in dataset size, training/test splits, and evaluation protocols. Specifically, our dataset
comprises 30,000 samples collected from 12 participants, which is relatively limited for training deep
learning models. Moreover, the high accuracy achieved may partially stem from the homogeneity of
participants’ body types and the constrained range of actions in the dataset, potentially limiting the
model’s generalizability. These findings motivate future efforts to expand our data collection strategy,
incorporating a larger and more diverse participant pool with a broader range of actions to enhance
the model’s robustness and applicability. Nevertheless, as demonstrated in the feasibility experiments
shown in Figure 5, mm-HSE consistently outperforms traditional approaches under a standardized
evaluation pipeline, providing compelling evidence of its efficacy.

To systematically evaluate the spatial reliability and anatomical consistency of the proposed mm-
HSE model, we further analyze the distribution of localization errors across all 21 skeletal keypoints,
as shown in Figure 6. Both MAE and RMSE were computed along the horizontal, vertical, and
depth dimensions. The results reveal that the horizontal and vertical directions exhibit relatively
stable error distributions across keypoints, with minor fluctuations and no extreme outliers. This
suggests that the proposed spatial attention and dual-view fusion mechanisms effectively enhance
pose estimation performance in these axes. In contrast, the depth axis demonstrates greater variability,
particularly around central body joints such as the spine, hips, and shoulders (e.g., keypoints 9–15).
This phenomenon is likely attributable to the limited resolution of millimeter-wave radar in the radial
direction, compounded by multipath interference and occlusion effects. Despite these challenges, the
average error across all joints remains consistently low, underscoring the model’s robustness in full-
body 3D reconstruction tasks. These findings not only validate the mm-HSE’s precision in anatomical
space but also highlight depth modeling as a critical area for future enhancement in radar-based
skeletal keypoint estimation..
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Figure 6. MAE and RMSE errors for the 21 skeletal keypoints under the mm-HSE system. (a) represents the MAE
error, and (b) represents the RMSE error.

5.3. Cross-Domain Experiment

To evaluate the generalization capability of the proposed mm-HSE model, we conduct experiments
under both Cross-Domain (CD) and Cross-User (CU) settings. Specifically, CD_1 refers to training on
data collected in the meeting room, CD_2 corresponds to hallway data, and CD_3 represents open
space training. The CU setting involves training with data from two volunteers and testing on unseen
users. The evaluation is performed along three spatial axes—horizontal, vertical, and depth—using
MAE and RMSE as performance metrics. The results are summarized in Figure 7.
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Figure 7. Estimation performance of the mm-HSE system in cross-domain and cross-user scenarios. "CD"
represents cross-domain, and "CU" represents cross-user. (a) represents the MAE error for cross-domain and
cross-user, and (b) represents the RMSE error for cross-domain and cross-user.

In the cross-domain, mm-HSE demonstrates consistently low and stable localization errors across
all three domains. The average MAE across CD_1, CD_2, and CD_3 is 3.34 cm, 3.17 cm, and 3.14 cm,
respectively, with a maximum variation of only 0.20 cm. This stability highlights the robustness of
the proposed spatiotemporal modeling strategy and the dual-radar fusion mechanism in adapting to
different environmental contexts. Furthermore, the performance improves progressively from CD_1
to CD_3, suggesting that the model benefits from domain-agnostic learning and generalizes well to
previously unseen distributions.

In contrast, the cross-user scenario presents a more challenging setting. The average MAE
increases to 3.86 cm, representing a relative degradation of 22.9% compared to the best cross-domain
result. The RMSE exhibits a similar trend, rising to 5.99 cm in CU from an average of 5.27 cm in
CD_3. This degradation is particularly pronounced along the depth axis (MAE = 5.11 cm, RMSE =
7.34 cm), which may be attributed to user-specific motion habits and body morphology variations that
are difficult to generalize across subjects.

Despite these challenges, the model maintains relatively stable and low errors in the horizontal
and vertical dimensions across all scenarios, typically within the 2.5–3.2 cm MAE range. These
findings suggest that while mm-HSE offers strong generalization across spatial environments, future
improvements may be focused on enhancing its robustness to inter-user variability, especially in depth
estimation.

5.4. Ablation Experiment
5.4.1. The Influence of the Module

To quantitatively assess the contribution of each component in the mm-HSE framework, we
conduct a detailed ablation study, as summarized in Table 3. The baseline model, which includes only
the Stage 1 architecture without any auxiliary modules, yields an average error of (MAE = 7.34 cm,
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RMSE = 9.86 cm). Upon incorporating the data augmentation strategy described in Section 4.1, the
error is substantially reduced to (MAE = 5.86 cm, RMSE = 8.04 cm), confirming its role in improving
generalization and mitigating overfitting.

Table 3. Ablation study on the effects of different components.

Data Aug Stage1 Fusion Stage2 MAE (cm) RMSE (cm)

✓ 7.34 9.86
✓ ✓ 5.86 8.04
✓ ✓ ✓ 4.62 7.19
✓ ✓ ✓ 3.84 5.83
✓ ✓ ✓ ✓ 2.78 4.35

Further enhancements are observed when the multi-view fusion module is introduced. While
fusion alone (without Stage 2) improves performance to (MAE = 4.62 cm, RMSE = 7.19 cm), a more
substantial improvement is achieved by activating Stage 2 alone (MAE = 3.84 cm, RMSE = 5.83 cm),
indicating that the anatomically constrained refinement plays a more decisive role than early-stage
fusion. Notably, the full configuration—comprising data augmentation, Stage 1, fusion, and Stage
2—achieves optimal results with (MAE = 2.78 cm, RMSE = 4.35 cm). This corresponds to a 62.1% and
55.9% relative improvement in MAE and RMSE over the baseline, and a 27.6% and 25.4% gain over
the second-best variant (Stage 1 + Stage 2 without fusion). These findings suggest a synergistic effect
in which performance benefits are not merely additive but multiplicative when all components are
jointly optimized.

Figure 8 illustrates the qualitative validation of estimated skeletal keypoints before and after
refinement for two representative actions—stand and waving. Taking the stand action as an example,
by referencing the keypoint names in Figure 2(d), we observe that the unrefined predictions (stage
1) exhibit clear anatomical inaccuracies, the distance between the neck and shoulder center keypoints
is excessively long, and the angle between the left ankle and left foot significantly deviates from
human anatomical norms, resulting in unnatural limb configurations. After refinement (stage 2), the
optimizer adjusts the keypoint distribution to align more closely with ground-truth joint positions.
The refined predictions demonstrate more reasonable skeletal proportions, with corrected bone lengths
(e.g., neck to shoulder center) and joint angles (e.g., left ankle to left foot), leading to smoother limb
continuity and anatomically plausible postures. Similarly, in the waving action, the refined predictions
exhibit enhanced joint symmetry and more natural arm elevation and torso rotation. These visual
improvements corroborate the quantitative findings and highlight the practical significance of stage 2
structural correction mechanisms in real-world skeletal estimation tasks.
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Figure 8. Comparison of coarse estimation and optimized estimation for the 21 skeletal keypoints. The top row
represents the action "stand", and the bottom row represents the action "waveing".

5.4.2. Impact of Historical Frame Amount

To assess the effect of historical frame input on 3D skeletal localization accuracy, we evaluate the
mm-HSE model under varying numbers of preceding frames. Specifically, we test five configurations
using 1 to 5 consecutive frames as input, while keeping the frame rate fixed. The experimental results
are shown in Figure 9, where both MAE and RMSE are reported.
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Figure 9. The impact of historical frames on the mm-HSE system. (a) represents the experimental MAE error of
historical frames, and (b) represents the experimental RMSE error of historical frames.

As shown in Figure 9(a), increasing the number of historical frames from 1 to 4 results in progres-
sively improved localization performance, with MAE decreasing from 5.13 cm (single-frame input) to
2.78 cm. A similar trend is observed in RMSE (Figure 9(b)), which decreases from 7.74 cm to 4.35 cm.
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These results highlight the benefit of incorporating short-term motion history for improving robustness
in spatial prediction, especially under noisy or occluded radar conditions. However, adding a fifth
historical frame slightly degrades performance (MAE = 2.96 cm; RMSE = 4.87 cm), suggesting that
excessive historical input may introduce temporal redundancy or aggregate outdated information,
thus weakening spatial sensitivity. The RMSE increase is notably sharper than the MAE, indicating that
rare but significant prediction deviations are more affected by longer history accumulation. Overall,
the findings demonstrate that using four historical frames provides an optimal balance between tem-
poral context and noise control. It underscores the importance of careful historical frame selection in
radar-based human pose estimation models to maximize accuracy while avoiding temporal overfitting.

Notably, extensive experiments in this study established four historical frames as the optimal
configuration. To determine the optimal and robust number of historical frames in practical settings,
the following strategies are proposed: 1) Perform cross-validation experiments across diverse datasets,
evaluating frame counts ranging from one to multiple frames to identify the point of diminishing
returns; 2) Apply empirical selection, adjusting the number of frames based on action complexity or
environmental conditions, where static poses typically require fewer frames (e.g., 2–3) and dynamic
gestures, such as waving, benefit from additional frames (e.g., 4-more); 3) Incorporate an adaptive
mechanism that dynamically adjusts the frame count by monitoring real-time performance metrics,
such as keypoint localization error or joint angle deviation.

5.4.3. Impact of Fusion Weigh Size

To assess the impact of the fusion weight w in Equation (19) on the performance of the mm-HSE
model, we conducted experiments with various fusion weight values. The fusion weight w modulates
the contributions of the coarse skeleton estimation in Stage 1 and the fine optimization in Stage 2 to the
final skeletal keypoint estimation. We tested seven different fusion weights ranging from 0.2 to 0.7,
with the experimental results shown in Figure 10. Both MAE and RMSE metrics were used to evaluate
the model’s accuracy.

3.58
3.26 3.07 2.94 2.78 2.89

0

1

2

3

4

5

M
A

E 
（

cm
）

0.2 0.3 0.4 0.5 0.6 0.7

(a) Fusion weight w MAE error.

5.64
5.27

4.83 4.68
4.35 4.53

2

3

4

5

6

7

R
M

SE
 (c

m
)

0.2 0.3 0.4 0.5 0.6 0.7

(b) Fusion weight w RMSE error.

Figure 10. The impact of fusion weight w on the mm-HSE system. (a) represents the experimental MAE error of
fusion weight, and (b) represents the experimental RMSE error of fusion weight.

As illustrated in Figure 10(a), increasing the fusion weight w from 0.2 to 0.6 leads to a reduction
in MAE from 3.58 cm to 2.78 cm, indicating a progressive improvement in skeletal localization
performance with the increasing contribution of Stage 2. A similar trend is observed in the RMSE
values presented in Figure 10(b), where RMSE decreases from 5.64 cm to 4.35 cm. However, when the
fusion weight is set to 0.7, performance slightly degrades, with MAE increasing to 2.89 cm and RMSE
rising to 4.53 cm. This suggests that excessively high fusion weight may cause an over-reliance on Stage
2, potentially disrupting the balance between the stages. The increase in RMSE is more pronounced
than the MAE, indicating that larger fusion weights may amplify infrequent but significant prediction
deviations. Overall, these findings highlight that fusion weights between 0.3 and 0.6 provide the
optimal balance.
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5.4.4. Impact of Attention Head Amount

To evaluate the impact of the number of attention heads on the performance of the mm-HSE
model, we conducted experiments with different numbers of attention heads. Specifically, we tested
eight configurations ranging from 2 to 64 attention heads, with the experimental results shown in
Figure 11. We report both MAE and RMSE metrics to assess the model’s accuracy.
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Figure 11. The impact of attention heads on the mm-HSE system. (a) represents the experimental MAE error of
attention heads, and (b) represents the experimental RMSE error of attention heads.

As shown in Figure 11(a), increasing the number of attention heads from 2 to 4 results in a decrease
in MAE from 2.88 cm to 2.78 cm, showing significant performance improvement. However, as the
number of attention heads increases further, the MAE starts to rise, with MAE increasing to 3.81 cm
when the number of attention heads is set to 64, indicating that adding more attention heads does not
lead to further performance improvements and may even cause performance degradation. Similarly,
the RMSE values in Figure 11(b) follow a similar trend, where RMSE decreases from 4.72 cm to 4.35 cm
as the number of attention heads increases from 2 to 4, but then rises to 5.62 cm at 64 attention heads.

These results indicate that using 4 attention heads achieves the best performance, optimizing both
MAE and RMSE while avoiding the complexity and overfitting associated with too many attention
heads. This experiment highlights the importance of finding the optimal balance in the number of
attention heads.

6. Conclusions
This paper presents mm-HSE, a novel dual-millimeter-wave radar framework for 3D human

skeleton estimation. The proposed system integrates a two-stage estimation network, spatiotem-
poral fusion, and kinematic constraint refinement, and achieves strong performance across diverse
evaluation settings. Extensive experiments verify the effectiveness of each component, the impact
of historical input frames, and the robustness under cross-domain and cross-user conditions. The
results demonstrate that mm-HSE not only achieves competitive accuracy but also exhibits promising
generalization capabilities in complex radar-based pose estimation scenarios.

To further improve the applicability and generalization of mm-HSE, future research will focus on
the following directions:

• Depth Estimation Refinement and Lightweight Real-Time Deployment. In current HSE systems,
the relatively low accuracy of depth (z-axis) estimation limits the overall quality of skeletal
reconstruction. To overcome this, future work will explore incorporating more diverse datasets
and using larger-capacity neural networks to improve depth estimation. To enable real-time
performance and flexible deployment in practical scenarios, we will also optimize the network via
model pruning, quantization, and hardware-aware adaptation. These techniques aim to reduce
model size and latency, supporting lightweight deployment on edge devices for real-time skeletal
tracking under limited computational resources.
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• Deployment in more diverse scenes and action categories. To enhance the applicability of
mm-HSE, we plan to extend its deployment to a wider array of scenarios and action categories.
Specifically, we aim to adapt the model for diverse real-world environments, including cluttered
indoor spaces and dynamic outdoor settings, while supporting a broader spectrum of motion
types, such as sitting, falling, and dancing. These advancements will enable robust full-body
tracking in unconstrained applications, including smart healthcare, surveillance, and human-robot
interaction.

• Integration with vision language models and large-scale heterogeneous data. We plan to explore
the integration of radar signals with pre-trained vision–language models to enhance semantic
reasoning and long-range contextual modeling. Additionally, we will construct a cross-domain
and cross-user benchmark by combining open-source and self-collected radar datasets, thereby
promoting more generalizable learning and robust adaptation in practical multimodal settings.

• High-precision evaluation with motion capture systems and application in gaming. To further
improve the rigor and reliability of model evaluation, we plan to integrate our radar-based setup
with a professional motion capture system (e.g., VICON). This integration will enable precise
synchronization and provide accurate 3D skeletal ground-truth data via standardized formats
such as C3D files or outputs from Nexus software. Such ground-truth references are widely
accepted in the research community and will serve as a robust benchmark for performance
assessment. In addition, given the centimeter-level joint accuracy and the incorporation of
anatomical constraints in mm-HSE, we will investigate its potential for low-cost, lighting-invariant
motion capture in game development scenarios—particularly where traditional camera-based
systems are impractical or unreliable.
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