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Abstract

Three-dimensional human pose estimation plays an important role in applications
such as rehabilitation assessment, smart homes, and safety monitoring. Millimeter-wave
(mmWave) radar and sparse inertial measurement units (IMUs) provide complementary
cues for 3D human pose estimation, but the relative reliability.of the two modalities
varies across actions, subjects, and environments. Consequently, direct feature con-
catenation or fixed-weight fusion may lead to negative transfer. To address this issue,
we propose the Symmetric Reliability-Aware Adaptive Fusion Transformer (SRA-AF),
which estimates time-varying relative reliability weights from modality-specific radar
and IMU features and their cross-modal interactions. These shared weights jointly guide
bidirectional cross-modal rectification and final multimodal fusion. No additional su-
pervision is required for reliability estimation, as the weights are learned end-to-end
through the pose estimation loss. Five-fold cross-validation on mRI yielded MPJPEs of
94.29 mm and 73.01 mm under the P1 and P2 protocols, respectively. Under the cross-
user protocol on OctoNet, SRA-AF achieved an MPJPE of 101.42 mm, reducing the
error of the IMU-only model by 4.62 mm. Temporal-misalignment controls and abla-
tions support the roles of synchronized cross-modal information, reliability estimation,
and bidirectional rectification. Cross-scene results also show that the method remains
sensitive to distribution shifts. Overall, the results support adaptive reliability-aware

fusion and point to-rebust cross-scene fusion as a key remaining problem.
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1 Introduction

Three-dimensional human pose estimation recovers the 3D positions of human
joints from sensor observations. It is widely used in intelligent perception [1], human-
computer interaction [2], rehabilitation assessment [3], motion analysis [4], action un-
derstanding [5], and safety monitoring [6]. As deep learning and sensing hardware have
improved, pose estimation has moved from handcrafted features and kinematic models
toward end-to-end data-driven prediction. RGB, depth, and multi-view camera methods
have made strong progress, especially when textures are visible, lighting is stable, and
occlusion is limited [7], [8].

Visual sensors still face practical limitations [1], [9]. RGB and RGB+<D cameras
are affected by illumination changes, occlusion, restricted viewpoints;.and background
clutter. Their estimates can degrade in low light, smoke, crowded-indoor scenes, or
when body parts are hidden. Cameras also record appearance;.faces, clothing, and in-
door surroundings, which raises privacy concerns in long-term settings such as home
monitoring, rehabilitation, and elder care. In addition, camera systems require suitable
placement and field of view. Pose estimates may become unstable when a person leaves
the view, turns away, or is partly blocked by furniture. These issues have encouraged
the use of non-visual sensors in privacy-sensitive and visually difficult environments.

Millimeter-wave (mmWave) radar is“an active wireless sensor and a useful alter-
native for non-visual pose estimation. By transmitting and receiving electromagnetic
waves, it measures range, velocity, angle, point-cloud structure, and related motion in-
formation from human reflections. Unlike cameras, mmWave radar does not capture
appearance images. It'works in low light, is largely unaffected by illumination, and
is better suited to privacy-sensitive smart-home, healthcare, and safety-monitoring set-
tings. Recent studies have estimated pose from radar point clouds, range-Doppler maps,
range-azimuth maps, and related representations, showing that radar signals contain
meaningful information about human structure and motion [10], [11].

Radar-only 3D pose estimation remains difficult. Radar usually has lower spatial
resolution than visual sensors, and human point clouds are often sparse, noisy, and unsta-
ble. Reflections from different body parts change with material, orientation, distance,
and occlusion. Distal joints such as wrists and ankles are especially hard to observe
consistently [12]. As a result, radar-only models may confuse left and right limbs or
produce larger errors in fine-grained limb positions and dynamic motions.

Inertial measurement unit (IMU) provides a complementary signal by measuring
local motion directly at their attachment site. The IMU typically measures acceleration,
angular velocity, orientation, or related motion features, giving direct information about
local body movement. Compared with radar, IMU has high sampling rates, responsive

motion measurements, compact hardware, and low computational cost, which makes



them suitable for continuous sensing [3]. Many IMU-based pose methods place several
IMU nodes on different body parts to recover whole-body pose. However, in daily use,
multi-IMU setups add wearing, deployment, and calibration burden. A single IMU or
a small set of IMUs is more practical, but it observes only a few body locations and
cannot fully determine the 3D skeleton by itself.

Combining radar’s whole-body spatial cues with local motion measurements from
sparse IMUs is a practical way to compensate for the weaknesses of each sensor. The
two modalities are complementary, yet fusion does not automatically improve accuracy.
Radar and IMU data differ in structure, noise, and physical meaning. If one modality
suffers from missing reflections, scene changes, or temporal misalignment, direct con-
catenation can pass unreliable information into the shared representation. ‘A fixed fusion
ratio also cannot respond to changing input conditions. Radar describes the spatial dis-
tribution of the body, whereas IMUs record local motion at the attached locations. Their
relative usefulness can therefore change over time, so the fusionmodule should estimate
each modality’s contribution from the current input.

To address this challenge, we propose the Symmetric Reliability-Aware Adaptive
Fusion Transformer (SRA-AF). The model encodes temporal radar and IMU features
in separate branches, then estimates time-varying relative reliability weights from the
unimodal representations, their shared responses, and their differences. These weights
control both bidirectional cross-attention rectification and the final fusion ratio between
the rectified modalities. Because'they are learned end to end from pose prediction er-
ror, the weights should be interpreted as relative task-specific contributions rather than
calibrated probabilities of'sensor quality.

The main contributions of this study are as follows:

1. We formulate radar-IMU 3D human pose estimation as a symmetric reliability-
aware fusion problem. The method does not assume that either modality is always
dominant; instead, it models modality reliability across samples and time.

2. We develop SRA-AF, which combines dual-branch temporal encoding, interaction-
based reliability estimation, reliability-controlled bidirectional cross-attention rec-
tification, and adaptive fusion in one network.

3. We evaluate the method with cross-subject, cross-user, and cross-scene experi-
ments on mRI and OctoNet. Temporal-misalignment controls, component abla-
tions, and visual analyses are used to examine how the method works.

The rest of the paper is organized as follows. Section 2 reviews mmWave radar,
sparse IMUs, and multimodal human pose estimation. Section 3 describes the proposed
SRA-AF method. Section 4 presents the datasets and experimental settings. Section

5 reports the main results, ablations, and qualitative findings. Section 6 concludes the

paper.



2 Related Work

2.1 MmWave Radar-Based Human Pose Estimation

MmWave radar provides spatial and motion observations without recording iden-
tifiable human appearance. It is therefore suitable for privacy-sensitive and low-light
environments. Early work mainly tested whether human pose could be recovered from
radar observations. Mm-Pose used a convolutional neural network to regress skeletal
joints from commercial mmWave radar signals [13]. MARS estimated 3D joint posi-
tions from temporal point clouds for assisted rehabilitation [11]. These studies showed
that radar reflections contain information related to human structure and;motion.

Later work has mainly followed two directions: designing more informative radar
representations and adding prior knowledge. MPose combined. spatial feature extrac-
tion with domain-adversarial learning to improve generalization across environments
and subjects [14]. HuPR provided synchronized visual and dual-radar data, establish-
ing a public benchmark for radar-based human pose-estimation [15]. MmPose-NLP
represented radar point-cloud sequences as tokens and used a sequence model to pre-
dict joint positions [16]. MmPose-FK incorporated forward-kinematic constraints to
reduce joint jitter and anatomically implausible predictions [17]. Despite this progress,
radar-only pose estimation remains limited by sparse reflections, multipath interference,
and uneven visibility across body parts: Temporal and kinematic priors can compensate
for brief observation gaps, but they: cannot fully recover inadequately observed local
motion. Therefore, the introduction of a complementary wearable sensor is a common

extension.

2.2 Sparse IMU-Based Human Pose Estimation

IMU- directly.measures local orientation and acceleration at the body parts where
they are‘attached." Conventional inertial motion-capture systems use many sensors to
constrain whole-body motion, but their wearing and calibration procedures are too cum-
bersome for many everyday scenarios. Sparse Inertial Poser (SIP) reduced this burden
by reconstructing whole-body motion from six IMUs through multi-frame joint opti-
mization [18]. Deep Inertial Poser (DIP) used synthetic inertial data to train a bidirec-
tional recurrent neural network that maps sparse inertial measurements to whole-body
pose [19]. These studies established sparse IMUs as an alternative to dense inertial
motion-capture systems.

Later methods added structural, temporal, and physical constraints. TransPose de-
composed the task into end-joint estimation, full-joint position completion, and inverse

kinematics while also estimating global body translation [20]. Physical Inertial Poser



incorporated physics-based optimization to improve motion stability and physical plau-
sibility [21]. Transformer Inertial Poser modeled temporal dependencies with a Trans-
former and used terrain and contact information to mitigate long-term drift [22]. Recent
work has also explored more flexible sensor configurations. MobilePoser uses IMUs
embedded in consumer devices [23], whereas DiffusionPoser supports arbitrary sparse
sensor layouts through an autoregressive diffusion model [24]. Sparse IMU s still cannot
directly observe the body’s overall structure in external space. Similar measurements
at a few sensor locations may correspond to different whole-body poses, leaving-the
reconstruction problem underconstrained. Radar observations can supply the spatial

information missing from sparse inertial inputs.

2.3 Multimodal Human Pose Estimation and Adaptive Fusion

Multimodal datasets have made sensor-fusion research-possible for human pose es-
timation. mRI provides synchronized mmWave radar, RGB-D, IMU, and 3D pose data,
while MM-Fi includes several non-invasive sensing modalities [9]. OctoNet further in-
creases the diversity of participants, activities, scenes, and sensor configurations [25].
Methods such as ImmFusion, AdaptiveFusion, and Babel use attention-based token in-
teractions to combine heterogeneous sensor inputs, mainly for radar-vision or general
multimodal sensing [26], [27], [28].

Direct radar-IMU fusion for pose estimation remains less explored. mRI evalu-
ated several modality combinations for rehabilitation movements [3], and mmEgoHand
combined head-mounted.radar, with an IMU for egocentric hand-pose estimation [29].
Kim et al. [30] studied. whole-body radar-IMU fusion at the pose-output level. Firstly,
the 3D joint positionstare predicted by two unimodal encoders respectively, and then
the relationship.between the two sets of pose outputs is modeled by bidirectional cross-
attention. The auxiliary supervision is constructed by using the unimodal joint errors to
learn the fusion weights that change with joints and time.

Multimodal pose-estimation methods commonly fuse sensor features through con-
catenation, attention, or gating. When one modality is noisy, temporally misaligned, or
shifted out of distribution, direct fusion may inject harmful information into the shared
representation. Fixed fusion ratios also cannot reflect changes in modality usefulness
across input conditions. Existing approaches mostly use fusion weights for feature ag-
gregation. Few methods use the same reliability estimate to control both bidirectional
cross-modal rectification and final fusion. We address this gap by estimating task-
specific relative reliability from radar features, IMU features, and their interactions, and

then using that estimate in both stages.



3 Method

3.1 Problem Formulation

Given synchronized mmWave radar and IMU sequences of length 7',

X" ={a]},, X'={a}], (3.1)

where 27 and z} denote the radar and inertial observations at time step ¢, respec-
tively. The model uses this temporal window to predict the 3D human pose at the final

time step:

Ve = fo(X, X = (PR, P ER? (3.2)

where J is the number of body joints and prel is the predicted coordinate of joint

To remove the effect of global translation, we use.the root joint as the coordinate

origin. All joints are expressed relative to this root:

pgglj P71y = PT root (33)

The prediction target is the joint configuration relative to the root rather than the

body’s absolute translation in global.coordinates.

3.2 Framework Overview

The overall SRA-AF architecture is shown in Fig. 1. It comprises five stages:
modality feature encoding, relative reliability estimation, bidirectional cross-modal rec-
tification, adaptive fusion, and pose regression.

The radar and.IMU inputs first pass through separate frame-level and temporal
encoders. The resulting representations capture temporal context within each modality.
The reliability estimator then analyzes the unimodal features and their interactions to
assign relative reliability weights at each time step.

These weights determine how strongly one modality rectifies the other and how
much each rectified modality contributes during final fusion. The model does not set
radar or IMU as a fixed dominant source. Instead, it adjusts their roles according to the
current input, and the fused temporal representation is used to regress the final-frame

3D pose.
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3.3 Modality Feature Encoding

MmWave radar and IMU data differ substantially in structure, numerical distribu-
tion, and physical meaning. Therefore, we use two independent branches to extract
unimodal features and avoid mixing heterogeneous observations at an early encoding
stage.

For the radar inputiz] at frame ¢, the radar encoder first applies a shared feature
mapping to each valid radar unit. Masked max pooling and masked mean pooling then
aggregate the local responses. Meanwhile, a global mapping of the entire radar frame
preserves frame-level spatial information. The three feature components are concate-

nated and projected to form the radar-frame representation:

e} = ¢ ([MaxPool (¢ (x7)), MeanPool (¢} (7)), ¢} (z})]) (3.4

where ¢ denotes the shared local feature mapping, ¢; denotes the frame-level
global mapping, and ¢’ combines the radar features. For padded radar inputs, pooling
is performed only over valid units.

For the inertial input x! at frame ¢, the inertial encoder maps observations from

multiple attachment locations to a unified frame-level representation:

e, = ¢'(z}) (3.5)

The two frame-level features are then projected to the same dimension and aug-



mented with temporal positional encodings:

ul = W"el + PE(t), u, = W'e} + PE(t) (3.6)

Two independent temporal Transformers model motion changes within the tempo-

ral window:

R = Tmm,(U"), I = Trm,; (U") (37)

where R = {r;}1_, and I = {i;}]_, denote the temporally contextualized radar
and inertial representations, respectively. The two temporal branches have identical ar-
chitectures but independent parameters, preserving modality-specific information while

mapping both inputs into a common feature space.

3.4 Symmetric Relative Reliability Estimation

Direct concatenation and fixed weighting treat medality contributions as constant
across samples and time. They cannot adapt wheninput validity changes. SRA-AF in-
stead jointly analyzes r; and i, at each time step and constructs a cross-modal interaction

descriptor:

zp = (g, B, T © g, |7 — ] (3.8)

where r; and 7; retain aodality-specific information. The element-wise product
r; ® 1, captures their shared response, whereas the absolute difference |r; — i, describes
their discrepancy.

The interaction descriptor is passed through the reliability estimator. A softmax

operation then produces relative reliability weights for the radar and inertial modalities:

[w!, w'] = Softmax (¢prei(2)) wi +w! =1 (3.9)

The weights vary across samples and time. A larger w; indicates a greater relative
contribution. from radar to the current prediction, whereas a larger w! indicates greater
reliance on inertial information. Because these weights are learned end-to-end through
the pose objective, we define them as task-specific relative reliability rather than abso-

lute probabilities of sensor quality.

3.5 Reliability-Guided Bidirectional Cross-Modal Rectification

Weighted fusion changes each modality’s contribution to the fused representation,

but it does not let one modality recover information that is missing from the other be-



fore fusion. Therefore, SRA-AF applies multi-head cross-attention in both directions
between the radar and IMU representations.
Using the radar representation as the query and the inertial representation as the key

and value, the model extracts inertial information that complements the radar modality:

Cry =MHA(Q=R,K =1,V =1) (3.10)

The relative reliability of the inertial modality controls the strength of this rectifi-

cation:

R =LN(R+uw'® Ciy) (3.11)

Conversely, the inertial representation serves as the query, while the radar repre-
sentation serves as the key and value. This operation extracts tadar information that

complements the inertial modality:

C,i =MHA(Q=1,K = RV = R) (3.12)

The radar reliability weight then controls the update to the inertial representation:

I'=IN@Huw o0, (3.13)

where w” = {w!}L, and w! = {wi}L, collect the reliability weights over time
and are broadcast along the feature dimension. Each update uses the weight of the
modality providing the rectification information. Therefore, reliable inertial information
can more strongly rectify the radar representation, and reliable radar information can
more strongly rectify the inertial representation. This design exchanges complementary

information while reducing interference from the relatively less reliable modality.

3.6 Adaptive Fusion and Pose Regression

After bidirectional rectification, the same relative reliability weights fuse the two

modality representations:

F=w oR +uw'ol (3.14)

Bidirectional cross-modal rectification exchanges complementary information be-
fore fusion. Relative-reliability weighting determines the contributions of the rectified
modalities to the shared representation. The two operations share the same weights,
ensuring consistent control over information injection and final contribution.

The fused sequence F' is then passed through a fusion Transformer, which further

models its temporal dependencies:



H = Trm(F) (3.15)

To preserve both the local state at the target time and motion across the temporal
window, the model concatenates the final-step representation with temporal mean and

max reSponses:

h = [Hr, MeanPool(H ), MaxPool(H )] . (3.16)

Finally, the pose regressor maps the aggregated representation to the 3D joint co-

ordinates at the final time step:

VI = ¢ooce(h) € RS, (3.17)

3.7 Training Objective

SRA-AF is trained end-to-end using an L1 loss on-the root-relative 3D coordinates.

For a training batch containing B samples, the pose.regression loss is

1 B J
ﬁpose = ﬁ ; ;

We do not require additional modality-reliability labels. Instead, the pose predic-

Prr, — il (3.18)

tion error jointly optimizes the reliability estimator and the other network components.
This allows the estimator to learn task-specific relative modality contributions. The

complete model is trained using only the pose regression loss:

L = Lpose (3.19)

4 Experimental Setup

4.1" Datasets and Task Settings

4.1.1 mRI Dataset

mRI is a dataset that synchronously records mmWave radar, RGB-D, IMU, and
3D human pose data [3]. We use its mmWave radar features, six IMU nodes, and 3D
pose labels. Each radar frame has dimensions of 14 x 14 x 5, and each IMU frame
has dimensions of 6 x 12. The pose labels contain 17 body joints. The model takes a
continuous sequence of length 7" = 16 as input and predicts the 3D pose at the final

time step. Every window remains within a single subject and action segment.



We use two action protocols. Protocol 1 (P1) contains 10 standardized actions, free-
form actions, and walking, giving 12 action classes in total. Protocol 2 (P2) contains
only the 10 standardized actions.

Both protocols use five-fold cross-validation at the subject level. The 20 subjects
are divided into five test folds, each containing four test subjects. In each fold, the
remaining subjects are further divided into 14 training subjects and two validation sub-
jects. The training, validation, and test subjects do not overlap. We report the mean and

standard deviation across the five test folds.

4.1.2 OctoNet Dataset

OctoNet is a multimodal dataset containing multiple users, scenes, activities, and
sensing devices [25]. We use observations from five frequency-modulated continuous-
wave (FMCW) radar nodes, six fixed IMU locations, and 3D-pose labels. Each radar
frame is represented by 150 x 5 point-cloud features, and-each IMU frame contains
6 x 13 inertial features. The IMU data are standardized using training-set statistics. An
inverse hyperbolic sine transformation reduces the influence of extreme values.

The model takes a continuous sequence of length 7" = 9 as input and predicts a
20-joint 3D pose at the final time step. Eyery.window is constructed within a single
activity segment.

We use the predefined OctoNet.training, validation, and test splits. Results are
reported under the cross-user (CU).and cross-scene (CS) settings. CU evaluates gener-
alization to unseen users, whereas.CS evaluates generalization to unseen scenes. CU
includes 62 standardized activities, gym activities, and freestyle activities, giving 64
classes in total. After filtering for multi-node data completeness, CS contains 58 activ-
ity classes. Because OctoNet provides fixed data splits, we report results directly on the

corresponding test sets without five-fold cross-validation.

Table I Experimental settings for mRI and OctoNet.

Item mRI OctoNet
Radar Input 14 x14 x5 150 x 5
IMU Input 6 x 12 6 x 13
Window T =16 T=9
Pose 17 joints 20 joints
Main split P1/P2 cross-subject five-fold CU/CS

10



4.2 Evaluation Metrics

We evaluate pose prediction using the mean per-joint position error (MPJPE) and
Procrustes-aligned mean per-joint position error (PA-MPJPE). Both metrics are mea-
sured in millimeters, and lower values indicate more accurate predictions.

MPJPE is the mean Euclidean distance between the predicted and ground-truth

joint coordinates:

1Do.; — Po.jlly (4:1)

J
=1

B
1
MPJPE = —
PE= 572

where B is the number of test samples, and J is the number of joints: The co-

J

ordinates p;, ; and p;, ; denote the prediction and ground truth for joint 5 in sample b,
respectively.
PA-MPJPE first aligns the predicted and ground-truth-poses of each sample using

a similarity transformation:

~ 2
(5", ") = argmin HSYQ F 1T £ Y”F 0 € S0(3) 4.2)

where s, (), and ¢ denote scale, rotation; and translation, respectively. Reflections
are excluded during alignment, after which MPJPE is computed for the aligned pose.
Compared with MPJPE, PA-MPJPE focuses more strongly on the relative structure of
the predicted skeleton.

For mRI, we report the mean and standard deviation across the five test folds. For

OctoNet, we report results directly on the fixed CU and CS test sets.

4.3 Implementation Details and Comparison Methods

We implemented the model in PyTorch. We used Adam for mRI and AdamW for
OctoNet, with an'initial learning rate of 1 x 10~* for both datasets. The batch sizes were
128 and 64,.respectively. The best model was selected by validation MPJPE. Within
each dataset, all methods used the same data splits, training configurations, and pose
regression loss. Table II summarizes the main training hyperparameters.

We compare SRA-AF with four baselines: Radar-only, IMU-only, Concat Fusion,
and Misaligned IMU. Radar-only and IMU-only regress pose from radar and IMU ob-
servations, respectively. Concat Fusion concatenates the encoded modality features and
projects them into a shared representation space. Misaligned IMU retains the radar in-
put while shifting the mRI and OctoNet IMU sequences 30 and four frames into the
past, respectively. This control tests whether the model uses temporally synchronized
cross-modal information. In contrast, SRA-AF estimates relative modality weights and

uses them to control bidirectional cross-modal rectification and final feature fusion.
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Table II Main training hyperparameters.

Parameter mRI OctoNet
Batch size 128 64
Learning rate 1x10* 1x107*
Optimizer Adam AdamW
Epochs 50 100
Early stopping 10 20

Loss L1 L1
Dropout 0.1 0.1

We further evaluate three ablated versions of SRA-AF. The w/o Reliability variant
fixes both modality weights at 0.5. The w/o Bidirectional Rectification variant removes
bidirectional cross-modal rectification and directly fuses the two. unimodal representa-
tions. The w/o Fusion Transformer variant retains reliability estimation, bidirectional

rectification, and weighted fusion but removes post-fusion temporal modeling.

5 Results

5.1 Cross-Subject Results on mRI

Table III reports the subject-level five-fold results on mRI under P1 and P2.

Table III “Five-fold cross-subject results on mRI (mm)

Protocol Method MPJPE | PA-MPJPE |
Radar-only 111.09 4+ 20.91 97.62 £+ 32.32
IMU-only 94.34 +18.39 84.82 +31.12

P1 Concat Fusion 95.99 +19.12 86.77 + 31.09
Misaligned IMU 105.33 + 25.17 88.36 + 35.31
SRA-AF 94.29 + 18.75 82.86 +31.29
Radar-only 89.72 + 5.08 66.93 + 4.20
IMU-only 75.64 + 6.59 53.66 + 8.45

P2 Concat Fusion 75.95 + 6.48 54.75 + 5.09
Misaligned IMU 84.69 + 10.58 57.83+9.16
SRA-AF 73.01 +5.30 50.22 +4.68

Under P1, IMU-only clearly outperformed Radar-only, indicating that six IMUs
already provide strong motion constraints. SRA-AF achieved an MPJPE of 94.29 mm,
nearly matching the 94.34 mm obtained by IMU-only, and reduced PA-MPJPE from
84.82 to 82.86 mm. Temporal misalignment increased the MPJPE of Misaligned IMU to

105.33 mm, showing that synchronized inertial information was important for effective
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fusion. These results show that SRA-AF preserved overall joint localization accuracy
while improving the aligned skeletal structure.

Under P2, SRA-AF achieved an MPJPE of 73.01 mm and a PA-MPJPE of
50.22 mm, the lowest values among all methods. Compared with the strongest baseline
IMU-only, it reduced MPJPE by 2.63 mm and PA-MPJPE by 3.44 mm. Misaligned
IMU produced an MPJPE of 84.69 mm. These results indicate that whole-body
radar observations complemented local motion information from synchronized IMUs,
whereas temporal misalignment weakened this complementarity.

Overall, SRA-AF matched the strong IMU-only baseline in joint localization under
P1 while reducing skeletal-structure error. Under P2, it improved both MPJPE and PA-
MPJPE.

5.2 Cross-User and Cross-Scene Results on OctoNet
Table IV reports results on the fixed CU and CS splits of OctoNet.

Table IV Pose estimation results under the OctoNet CU and CS settings (mm).

Method CUMPJPE| CUPA-MPJPE| CSMPJPE| CSPA-MPJPE |
Radar-only 155.40 92.42 187.70 109.98
IMU-only 106.04 7327 184.72 104.35
Concat Fusion 114.12 79.60 179.65 106.67
Misaligned IMU 103.67 71.50 213.17 103.54
SRA-AF 101.42 70.67 182.65 103.50

Under CU, SRA-AF achieved an MPJPE of 101.42 mm and a PA-MPJPE of
70.67 mm, the lowest values among all methods. Compared with IMU-only, it re-
duced MPJPE and PA-MPJPE by 4.62 and 2.60 mm, respectively. Compared with
Misaligned. IMU -t reduced the two errors by 2.25 and 0.83 mm. These results indi-
cate that reliability-guided cross-modal interaction used synchronized radar and IMU
information to.improve pose estimation for unseen users.

Under CS, Concat Fusion achieved the lowest MPJPE of 179.65 mm, followed by
SRA-AF at 182.65 mm. SRA-AF still outperformed Radar-only, IMU-only, and Mis-
aligned IMU. Its PA-MPJPE was numerically the lowest at 103.50 mm, nearly identical
to the 103.54 mm of Misaligned IMU. However, Misaligned IMU had a much higher
MPJPE of 213.17 mm, showing that similarity alignment can hide some global pose
errors in PA-MPJPE. This should not be read as evidence that temporal misalignment is
useful. For cross-scene evaluation, MPJPE gives the more direct assessment.

Overall, SRA-AF achieved the lowest MPJPE and PA-MPJPE under CU, showing

better generalization to unseen participants. The CS results were less clear: SRA-AF
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obtained the lowest PA-MPJPE among the evaluated methods, but its MPJPE was 3.00

mm higher than Concat Fusion, indicating remaining sensitivity to scene changes.

5.3 Ablation Study

5.3.1 Ablation Results on mRI

Table V reports ablations of the core SRA-AF components on mRI. We use subject-

level five-fold aggregate results and MPJPE to measure changes in joint localization

CITOr.
Table V. Ablation of core SRA-AF components on mRI (mm).
Fusion

Variant Reliability Bi-Rectification Transformer P1MPJPE| P2 MPJPE|
Full SRA-AF v v v 9429+ 18.75 73.01 £5.30
w/o Reliability X v v 96.51 +£20.18 76.83 £ 6.88
w/o Bi-Rectification v X v 98.99 £+ 28.56 75.34 £+ 7.68
w/o Fusion Transformer v v X 94.38 +19.62 73.31 £6.38

Replacing dynamic reliability weights with fixed equal weights increased MPJPE
by 2.22 mm under Pl and 3.82 mm under.P2. Therefore, input-dependent modality
weighting was more effective than a fixed fusion ratio. Removing bidirectional cross-
modal rectification increased MPJPE by 4.70 mm under P1 and 2.33 mm under P2,
showing that explicit cross-modal information exchange was also important.

Removing the Fusion Transformer increased MPJPE by only 0.09 mm under P1
and 0.30 mm under P2.‘Reliability estimation and bidirectional rectification had substan-
tially larger effects; so the main benefit of SRA-AF did not come simply from adding

temporal modeling after fusion.

5.3.2 Ablation Results on OctoNet

The OctoNet-ablations use the same fixed CU and CS splits as the main experi-
ments. Table VI presents the results.

Under CU, removing reliability estimation, bidirectional cross-modal rectification,
and the Fusion Transformer increased MPJPE by 4.36, 7.68, and 10.58 mm, respectively.
Under CS, the corresponding increases were 0.95, 2.53, and 5.10 mm. All ablated vari-
ants underperformed the full model in both settings, indicating that each component
contributed to the final performance.

Reliability estimation contributed more under CU than under CS. Dynamic modal-
ity weighting therefore helped with user differences, but was less effective under cross-
scene shifts. Removing bidirectional rectification caused additional errors, showing that

cross-modal information exchange provided a consistent complement. Unlike the mRI
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Table VI  Ablation of core SRA-AF components on OctoNet (mm).

Fusion
Variant Reliability Bi-Rectification Transformer CU MPJPE| CS MPJPE|
Full SRA-AF v v v 101.42 182.65
w/o Reliability X v v 105.78 183.60
w/o Bi-Rectification v X v 109.10 185.18
w/o Fusion Transformer v v X 112.00 187.75

results, removing the Fusion Transformer caused the largest degradation on OctoNet,
suggesting that post-fusion temporal modeling is more important when activities are

more diverse and complex.
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Fig. 2 Qualitative pose predictions on mRI using different methods.

The value below each predicted pose is the MPJPE for the displayed sample, measured in
millimeters (mm).

5.4 Qualitative Pose Analysis

To compare the reconstructed skeletons visually, Fig. 2 shows 3D pose predictions
from mRI. Across walking, arm raising, lunges, and squats, radar-only recovered the

approximate skeleton but produced clear errors at several distal joints. IMU-only cap-
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tured local motion well but provided limited constraints on the complete skeleton. In
comparison, SRA-AF generally predicted trunk orientations and relative limb positions
that were closer to the ground truth.

Fig. 3 presents 3D pose predictions from OctoNet. In CU examples, SRA-AF
recovered the overall skeletons of unseen users accurately. The relative performance of
fusion methods was more complex in the CS examples, consistent with the cross-scene
results in Table IV.

Ground Truth Radar-only IMU-only Concat Fusion Misaligned IMU SRA-AF
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Fig.3 | Qualitative pose predictions on OctoNet using different methods.

The'value below each predicted pose is the MPJPE for the displayed sample, measured in
millimeters (mm).

5.5 Action-wise Performance Analysis

Aggregate errors can hide action-level differences, so we compare the action-level
MPIJPE of each method.

For mRI, Fig. 4 shows that SRA-AF achieved the lowest error in 7 of 12 P1 action
classes, including arm raising, forward lunges, squats, single-leg raising, and walking.
IMU-only matched or outperformed SRA-AF for some free-form actions, indicating
that the relative value of each modality depends on the action. Under P2, SRA-AF

achieved the lowest error in 7 of 10 action classes. The method was not superior for
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every action, but its performance on most standardized actions was consistent with the

aggregate advantage shown in Table III.
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Fig.4 Action-wise MPJPE on mRI under P1 and P2.

For OctoNet,-the CU action-level results in Fig. 5a show that relative performance
varied across activity types. SRA-AF achieved low errors for many activities but did
not-remain optimal for every class. Therefore, the benefit of dynamic fusion depends
on the specific motion pattern. Fig. 5b shows greater variation among method rankings
under CS than under CU. SRA-AF improved on unimodal results for some activities but
did not consistently outperform Concat Fusion, which is consistent with the aggregate
CS results in Table IV.

5.6 Relative Reliability Analysis

At each time step, SRA-AF outputs relative reliability weights for radar and IMU.
These weights control both bidirectional cross-modal rectification and final fusion. Re-

placing the learned weights with fixed equal weights increased MPJPE by 2.22 mm un-
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der mRI P1 and 3.82 mm under P2. On OctoNet, the w/o Reliability variant increased
MPJPE by 4.36 mm under CU and 0.95 mm under CS. Therefore, input-dependent dy-
namic weights outperformed a fixed fusion ratio on both datasets, although the size of
the benefit depended on the evaluation setting.

The mean radar and IMU weights were approximately 0.41 and 0.59 under P1,
and 0.27 and 0.73 under P2. The model assigned a higher average weight to IMU in
both protocols, which is consistent with the overall strength of the IMU-only baseline.
At the same time, whole-body spatial information from radar still complemented pose

prediction through cross-modal rectification.

6 Conclusion

This study investigated 3D human pose estimation by fusing mmWave radar and
sparse IMUs. Because the value of each modality changes with input conditions, sim-
ple fusion is not enough to allocate their contributions reliably. SRA-AF addresses this
problem by extracting temporal radar and IMU features separately and estimating time-
varying relative reliability from the unimodal features and their interactions. The same
weights guide bidirectional cross-modal rectification and final fusion. Reliability esti-
mation uses no additional manual labels and is learned end to end from pose prediction
error.

On mRI, SRA-AF achieved an MPJPE of 94.29 mm under P1, nearly matching
IMU-only while producing“a lower PA-MPJPE. Under P2, it achieved an MPJPE of
73.01 mm and a PA-MPJPE of 50.22 mm, outperforming all comparison methods. Un-
der the OctoNet CU.setting, SRA-AF achieved an MPJPE of 101.42 mm and a PA-
MPJPE of 70.67 mm.~ The temporal-misalignment controls showed that fusion gains
depended on synchronized, valid cross-modal information. Component ablations fur-
ther supported-the contributions of relative reliability estimation and bidirectional cross-
modal rectification.

Underthe OctoNet CS setting, SRA-AF achieved the lowest numerical PA-MPJPE
but-did not outperform Concat Fusion in MPJPE. Therefore, the model remains sensitive
to substantial scene-distribution shifts. Overall, the results show that task-driven relative
reliability is more effective than fixed equal weighting, and that bidirectional interaction
further improves complementary radar-IMU fusion. Maintaining this advantage across
scenes remains an open challenge. Future work should also examine how the learned

weights change with sensor quality and motion type.
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