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ABSTRACT

Gait analysis benefits from both full-body motion context and accurate tempo-
ral dynamics. Vision-only approaches degrade under occlusion and viewpoint
change, while inertial-only approaches miss full body context. FusionGait-
transformer is a multimodal framework that fuses pose and silhouette repre-
sentations with inertial time series using transformer self-attention and bidirec-
tional cross-attention. A per-modality reliability gate weights each stream by
its instantaneous signal quality, so degradation in one modality shifts the fused
representation toward the other. Masked multimodal pretraining and domain-
adversarial training improve stability under domain shift. Evaluation uses the
CMU motion capture dataset under a subject-independent protocol, with iner-
tial signals generated analytically from the same trajectories. The framework
reaches Rank-1 identification accuracy of 98.9% with equal error rate (EER) of
1.8%, and gait-condition classification F1-score of 95.7% with area under the
ROC curve (AUC-ROC) of 97.6%. Reliability gating is the largest single con-
tributor to these figures. Deployment is characterized on workstation, edge, and
gateway hardware, and transmitting embeddings rather than video reduces the
uplink requirement by more than four orders of magnitude, establishing feasi-
bility for wearable healthcare settings. Reported results describe performance
under controlled benchmark conditions. Clinical diagnostic claims remain con-
ditional on validation with real wearable sensors and clinically labeled cohorts.
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1. INTRODUCTION
Gait analysis supports detection of health conditions through quantitative study of walking patterns

[1], [2]. Changes in these patterns can indicate neurological or musculoskeletal disorders and provide early
markers for intervention [2]. Traditional clinical assessments rely on basic speed or balance tests, which pro-
duce inconsistent and limited results [3]-[6]. Specialized motion-capture labs deliver detailed measurements
but remain costly and impractical for routine clinical use [1], [7]. A simpler and accessible approach for every-
day clinical use remains lacking.
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Single-method gait systems each have clear drawbacks outside controlled environments. Lab-based
motion-capture devices offer precise measurement but are difficult to use regularly because of equipment and
technical demands [7]. Markerless video analysis assesses gait without intrusive devices, yet it typically needs
several cameras and precise setup, and it degrades under camera blockage or unusual body movement [8]-[10].
Privacy concerns and data management further limit its adoption [11]. Wearable sensors such as IMUs provide
continuous tracking outside the lab but capture limited movement data from a few body segments [12]-[14].
They often cannot identify conditions involving interaction between limbs or with environmental obstacles
[15]-[20]. Each single-modality system sacrifices accuracy, usability, or practicality.

Gait assessment reaches patients through an information and communication technology pipeline
rather than through a model in isolation. Wearable devices already sense movement continuously inside clinical
walking assessments [12], and video adds a second sensing channel that carries identifiable data off the capture
site. Where the intermediate processing tier should sit, on the wearable node, a clinical gateway, or a server,
is therefore part of the design problem rather than an implementation detail. The question is not accuracy
alone, but whether a gait representation can be produced, transported, and interpreted within the constraints of
a deployed healthcare network.

Recent studies combine vision and sensor data to overcome these individual limits [21], [22]. Video
supplies full-body movement and environmental context, while wearable sensors capture rapid limb motion
precisely. Pairing IMUs with video improves assessment of fall-related walking problems by including context
such as obstacles or terrain [19]. Transformers manage long sequences and model relationships across data
streams, which suits combined gait data [23]. The dual-stream vision transformer of Li et al. [22] reached about
97% accuracy for clinical gait analysis from a single low-cost RGB camera, and attention-based frameworks
adapt to user variation in related activity recognition [21]. Multimodal transformers in medical applications
combine heterogeneous sources to identify conditions [23].

FusionGait-transformer integrates vision and inertial signals in a unified sequence model. One stream
encodes visual gait cues from pose and silhouette representations. A second stream encodes synchronized
IMU signals, including linear acceleration and angular velocity. A transformer fusion module combines both
streams using cross-attention to model temporal alignment and cross-modal interaction within a gait cycle. The
fused embedding supports gait identification and gait-condition classification defined by the evaluation proto-
col. Masked multimodal pretraining and domain-adversarial learning improve robustness across viewpoint and
sensor variation.

Prior multimodal gait studies either combine two visual representations, pose with silhouette, without
inertial signals, or combine inertial signals with one visual cue, or apply late or shallow fusion across modalities.
No published architecture jointly integrates pose, silhouette, and inertial signals within a single unified cross-
attention Transformer evaluated under a subject-independent protocol. Deployment is also treated separately:
reported evaluations generally cover one or two sensing streams, and execution cost is rarely reported alongside
recognition performance. FusionGait-transformer closes both gaps.

Key contributions are summarized as follows; (i) A multimodal transformer fusion architecture com-
bines pose and silhouette embeddings with IMU embeddings using bidirectional cross-attention and per-modality
reliability gating. (ii) A training strategy combines masked multimodal pretraining with domain-adversarial
learning to support domain-invariant gait representations. (iii) Clinically motivated gait metrics, including
symmetry and regularity indices, are integrated with learned embeddings for gait-condition classification and
interpretability. (iv) A benchmark protocol is defined using subject-independent splits and controlled domain
factors such as speed, viewpoint, and sensor placement perturbation. (v) An execution profile is reported
across workstation, edge, and gateway tiers, together with the bandwidth implication of transmitting embed-
dings rather than video, which establishes ICT feasibility alongside accuracy. The remainder of the manuscript
is organized as follows. Section 2 reviews related work. Section 3 describes data preparation, feature encoding,
and the fusion architecture. Section 4 describes the experimental protocol and results. Section 5 summarizes
findings and limitations.

2. RELATED WORK
Transformer models have improved gait recognition. Cosma and Radoi presented GaitFormer, a trans-

former over gait skeleton sequences, reaching 92.5% accuracy on CASIA-B without manual labels [24]. Mogan
et al. [25] proposed Gait-ViT, applying Vision Transformers to silhouette images and reporting 99 to 100%
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recognition on common benchmarks. Transformers extend beyond identification. The attention-enhanced net-
work of Jiao et al. [26], which shares the GaitFormer name but addresses a different task, integrates gait
patterns and pressure data to detect early Parkinson’s disease with 92.3% accuracy. GaitForeMer by Endo et al.
[27] used self-supervised learning to predict Parkinson’s severity and improved clinical scoring. These works
show that transformers learn detailed gait features suitable for identification and clinical use.

Multimodal gait analysis combining visual methods has received increased attention, because single-
modality visual approaches that analyze silhouettes or skeletons alone degrade under clothing change or varying
viewpoint. Xu et al. [28] proposed PSGait, overlaying parsing-derived body-part skeletons onto silhouettes
and reporting accuracy gains in less controlled scenarios. Unconstrained recognition has also been approached
through dense 3D representations on a dedicated benchmark [29]. The SkeletonGait++ variant merges skeleton
maps with silhouettes using attention, improving identification under changing views [30]. Peng et al. [31]
likewise integrate skeletons and silhouettes into a richer feature set. Related parsing-based approaches use
learned semantic segmentation of the walking body, in the wild [32] and through human semantic parsing [33].
Cui and Kang [34] proposed a spatial-temporal fusion model combining complementary visual gait streams,
with consistent gains over single-stream baselines. These methods generally outperform single-modality visual
approaches. The gains, however, remain within the visual modality and do not address sensor-domain artefacts.

Wearable sensor fusion has also advanced gait analysis. IMU sensors placed on body segments allow
continuous tracking outside lab settings, and machine learning over these signals classifies abnormal gait while
accounting for joint impairment [35]. Early sensor-based methods combined multiple IMUs with deep convo-
lutional networks for gait recognition [36]. Nguyen et al. [37] applied a spectrogram representation with deep
convolutional networks for gait classification. Uchitomi et al. [38] classified mild Parkinson’s disease from
inertial time-series data, relying on augmentation to offset limited sample size. Sharifi-Renani et al. [39] devel-
oped BioMAT, a transformer integrating wearable sensor signals to predict joint kinematics across activities,
surpassing CNN-LSTM methods. These models usually target specific gait tasks and rarely integrate sensor
and vision data fully.

A smaller body of work treats gait analysis as an ICT problem rather than a modelling problem alone.
Terrain and environment classification from wearable streams has been used to contextualize fall risk in daily
life [11]. Continuous wearable platforms have been deployed for multidomain diagnostic and intervention
workflows, placing the model inside a care pathway rather than an offline pipeline [14]. Video capture in the
same setting introduces governance requirements that shape what data may leave the point of capture [20].
Systems designed for degraded operating conditions show that fusion can be organized around deployment
constraints as well as accuracy [19]. Evaluations in this group generally cover one or two sensing streams, and
execution cost is rarely reported alongside recognition performance.

Self-supervised learning and domain adaptation address limited gait datasets and improve general-
ization. GaitForeMer used self-supervised forecasting of human movement to improve clinical impairment
prediction [27], and GaitFormer used weak supervision to improve identification without manual labeling [24].
Unsupervised domain adaptation, such as the fine-grained approach of Ma et al. [40], allows gait models to
adapt across viewing angles and clothing types without labeled data. Inertial-sensor frameworks for patholog-
ical gait recognition report generalization to patient data [41], real-time neural classification has been demon-
strated in living environments [42], and domain adaptation for inertial activity recognition has been surveyed
[43]. These strategies improve stability but need validation in clinical contexts.

Most transformer and multimodal gait studies focus on identification or broad impairment, rarely
addressing detailed clinical diagnostics. The 3DGK model of Lan et al. [44] combined 3D gait data with
deep learning, classifying pediatric neurological conditions and estimating stroke onset times (AUC 0.77 to
0.99). That approach depends on controlled lab environments with marker-based systems. TDPT-GT by Iseki
et al. [45] used smartphone-based markerless motion capture, classifying neurological gait disorders with
moderate accuracy (AUC 0.719), gaining portability but lacking diagnostic precision. These studies target
either controlled laboratory accuracy or portable but less precise assessment, leaving a gap for multimodal
integration in detailed clinical diagnostics.

Previous gait studies share several limitations. Many analyze one modality only, overlooking cross-
modal interactions such as subtle limb movements visible in one stream but unclear in another [24], [25], [45].
Clinical diagnostics often remain coarse, distinguishing healthy from pathological gait rather than specific dis-
orders [45]. Generalization across patient groups or environments remains problematic without adaptation [40],
[41]. Clinical gait datasets remain small, placing weight on augmentation and pretraining, since representation
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quality scales with the volume of data available [46]. Integration of video and sensor data into one approach
has rarely been achieved, since existing systems either isolate modalities or combine them superficially [45].
These issues limit adoption of AI-based gait systems in clinical practice.

FusionGait-transformer addresses these limitations by combining synchronized visual gait represen-
tations and inertial signals in a single transformer model. Cross-attention connects temporally aligned cues
across modalities and supports learning of complementary features. Per-modality reliability gating weights
each stream by its instantaneous signal quality, so degradation in one modality shifts the fused representation
toward the other. The framework also computes clinically motivated metrics, including symmetry and regu-
larity indices, and combines these with learned embeddings for gait-condition classification under the defined
label protocol. Masked pretraining and domain-adversarial learning improve generalization across viewpoint
and sensor variation. Execution cost is reported alongside accuracy so that the design can be assessed as a
deployable component of a healthcare ICT pipeline.

3. METHOD
FusionGait-transformer is described in pipeline order: data acquisition and preprocessing (Section 3.2.),

modality-specific feature encoding (section 3.2), cross-attention fusion with modality reliability gating
(section 3.3), and clinically motivated metric computation with classification-head integration (section 3.5).
The joint training objective, masked multimodal pretraining, and domain-adversarial training are detailed in
section 4 together with the experimental protocol. Two data acquisition settings are defined. The deployment
setting uses RGB video and wearable IMU sensors. The evaluation setting uses motion-capture trajectories
with analytically generated inertial signals and projected pose sequences derived from the same trajectories.
Notation used throughout the manuscript is summarized below.

Notation
– t: time index in a gait sequence.
– J : number of joints in the pose representation.
– It: silhouette image at time t.
– P 2D

t : 2D joint coordinates at time t.
– P 3D

t : 3D joint coordinates at time t.
– ct: hip-center coordinate used for pose normalization.
– P̂ 2D

t : normalized 2D pose coordinates.
– R2D

t : relative 2D joint coordinates.
– θt: joint angle feature vector.
– τt: normalized gait-phase timing.
– A(t): triaxial acceleration at time t.
– Ω(t): triaxial angular velocity at time t.
– q(t): unit quaternion orientation at time t.
– hV

t , hS
t : vision and sensor embeddings at time t.

– Ht: fused embedding at time t.
– PEt: positional encoding at time t.
– Q, K, Z: query, key, and value projections in attention.
– dk: attention key dimension for scaling.
– qg: learnable global query vector used for pooling.
– αt: pooling weight for time t.
– g: global gait embedding.
– d = dmodel = 256: dimension of the global gait embedding.
– GSI, CV, SR: symmetry, cadence variability, and stride regularity metrics.
– c: clinically motivated metric vector.
– z: combined vector for gait-condition classification.
– Lid, Lcls, Ldom: identity, gait-condition, and domain-adversarial losses.
– λcls, λdom: loss weights.
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– dV , dW , dmodel: vision encoder, sensor encoder, and fusion model dimensions.
– DV , DW : dimensions of the concatenated per-frame vision and wearable feature vectors.
– A

(V→W)
t , A(W→V)

t : bidirectional cross-attention weight matrices.
– gm(t): per-modality reliability gate at time t.
– Ta, Tω: Gauss-Markov bias time constants of the virtual IMU model.
– Ts: average stride interval used for autocorrelation.

3.1. FusionGait-transformer architecture
FusionGait-transformer uses a modular multimodal architecture with separate vision and sensor en-

coders followed by a transformer fusion module. The modular design captures modality-specific dynamics
before cross-modal integration. Each encoder extracts discriminative temporal and spatial features, which are
then fused within the transformer to produce unified representations for gait identification and gait-condition
classification.

Encoder design rationale: encoders are selected on three criteria: representational adequacy for the
modality, stability of pretrained features under a limited-subject benchmark, and deterministic inference cost
suitable for edge or gateway execution in a wearable healthcare deployment. ResNet-50 is used for silhouette
encoding because its depth-to-cost ratio is favourable at silhouette resolution and its ImageNet features transfer
stably; deeper alternatives (ResNet-101, ViT-B/16) raise parameter count without measurable Rank-1 gain
on this benchmark. HRNet-W48 is used for pose estimation because it maintains high-resolution branches
throughout the network, which improves localization at the distal limb joints carrying most gait signal; encoder-
decoder alternatives lose that resolution at the bottleneck. A temporal convolutional network is preferred over
recurrent or transformer encoders on the inertial stream because its fixed receptive field yields constant per-
window latency and a parameter count two orders of magnitude below the vision encoder, which matters when
the sensor branch executes on a wearable node rather than a server.

Vision encoder: the vision encoder uses a pretrained ResNet-50 fine-tuned on gait silhouette sequences
together with joint pose embeddings extracted by HRNet-W48. Each video frame t is encoded into a latent
vector hV

t , as in (1).

hV
t = ResNet50

(
It, R

2D
t , θt

)
(1)

where It is the gait silhouette image, R2D
t denotes relative joint coordinates, and θt represents joint angles. The

encoder outputs a sequence of temporal embeddings capturing dynamic gait visual patterns.
Sensor encoder: the sensor encoder is a temporal convolutional network (tCNN) for IMU time-series

feature extraction. Given angular velocity vectors Ωf (t) and gait phase timings τt, it generates frame-wise
latent sensor embeddings hS

t , as in (2).

hS
t = tCNN(Ωf (t), τt) (2)

This encoder extracts sequential kinematic patterns inherent in IMU signals, giving an accurate temporal rep-
resentation of lower-limb gait dynamics.

Transformer-based fusion module: the fusion module performs multimodal integration via multi-head
self-attention with positional encodings. Vision and sensor encoder outputs are concatenated per time step as
Ht = [hV

t ; h
S
t ]. Positional encodings PEt represent relative position within gait cycles, as in (3).

H ′
t = Ht + PEt (3)

Multi-head self-attention projects H ′
t into query (Qt), key (Kt), and value (Zt) spaces across heads. Attention

for head i at timestep t is computed as in (4).

Attentiont,i(Qt,Kt, Zt) = SoftMax

(
QtK

T
t√

dk

)
Zt (4)

where dk is the key dimension. Cross-attention further refines modality interactions, weighting vision and
sensor features according to modality reliability at each timestep.
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Global feature pooling: post-transformer embeddings are aggregated into a compact global gait sig-
nature by attention-based pooling. A learned global query qg attends across all time steps, yielding weights αt

for each embedding H ′′
t , as in (5).

αt =
exp
(
qTg H

′′
t

)∑
t′ exp

(
qTg H

′′
t′

) , g =
∑

t
αtH

′′
t (5)

Figure 1. Architecture of FusionGait-transformer

The resulting vector g encodes spatiotemporal information for downstream biometric identification and gait-
condition classification.

Architectural hyperparameters are configured as follows. The vision encoder produces frame-wise
embeddings of dimension dV = 512 from a ResNet-50 backbone concatenated with relative joint coordinates
and joint angle features. The sensor encoder produces frame-wise embeddings of dimension dW = 128 from
a four-layer temporal convolutional network with 64, 128, 128, and 128 channels. The fusion transformer
operates at model dimension dmodel = 256, with 8 attention heads, key dimension dk = 32, and 6 stacked
encoder layers with feed-forward expansion factor 4. The global attention pooling layer uses a learnable query
of dimension 256. Total parameter count is approximately 25.3 million, allocated as 23.5 M (vision encoder),
0.4 M (sensor encoder), 1.2 M (fusion transformer with cross-attention and reliability gates), and 0.2 M (pooling
and classification heads).
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Figure 1 shows the framework: multimodal inputs (RGB vision data and wearable IMU data), the
modality-specific encoders, and the transformer fusion module with multi-head self-attention and cross-attention.
Positional encodings carry gait-cycle timing into the fusion stage. The globally pooled embedding feeds two
parallel branches for identity recognition and gait-condition classification, the latter combining the gait signa-
ture with the clinically motivated metrics of section 3.5.

3.2. Multimodal data collection and preprocessing
Two data acquisition settings are defined to separate intended sensing from the evaluation instantiation.
Deployment sensing configuration: an RGB camera records a walking sequence. A 2D pose estimator

extracts J joint coordinates per frame, as in (6). Wearable IMU sensors on the lower limbs record triaxial
acceleration and triaxial angular velocity, as in (7).

P 2D
t =

{(
x j
t , y

j
t

)}J

j=1
(6)

A(t) = [ax(t), ay(t), az(t)]
T
, Ω(t) = [ωx(t), ωy(t), ωz(t)]

T (7)

Evaluation setting constructed from motion capture: motion-capture trajectories provide 3D joint po-
sitions P 3D

t . Virtual IMU signals are generated at anatomically defined lower-limb locations. For a virtual
sensor s with 3D position rs(t), linear acceleration is computed as in (8).

As(t) = r̈s(t)− g + ηa(t) + ba(t) (8)

where g is the gravity vector, ηa(t) is zero-mean measurement noise, and ba(t) is a slowly varying bias term.
Angular velocity is computed from segment orientation Rs(t) ∈ SO(3), as in (9). Sensor-to-segment misalign-
ment is modeled as a fixed rotation Rmis, as in (10).

Ωs(t) = vee
(
RT

s (t) Ṙs(t)
)
+ ηω(t) + bω(t) (9)

Ameas
s (t) = RmisAs(t), Ωmeas

s (t) = RmisΩs(t) (10)

where ηω(t) and bω(t) denote noise and bias.
The virtual IMU configuration is defined as follows. Seven anatomical placements are simulated:

pelvis, left and right thighs, left and right shanks, and left and right feet. Each virtual sensor operates at 100 Hz.
Triaxial linear acceleration includes Gaussian measurement noise with standard deviation σa = 0.05 m/s2 and
slowly varying bias modelled as a first-order Gauss-Markov process with time constant Ta = 100 s and steady-
state standard deviation 0.02 m/s2. Triaxial angular velocity includes Gaussian noise with σω = 0.01 rad/s
and bias drift with Tω = 100 s and steady-state standard deviation 0.005 rad/s. Bias time constants are denoted
Ta and Tω , reserving τt for the gait-phase variable of section 3.3. Sensor-to-segment misalignment is sampled
per trial as a fixed rotation drawn from an axis-angle distribution with angle uniformly sampled in [0◦, 5◦]. The
analytical model captures noise, slow bias drift, and fixed misalignment. It does not represent soft-tissue mo-
tion, attachment slippage, long-term drift beyond the Gauss-Markov assumption, packet loss, or asynchronous
sampling. These omissions bound the scope of the reported results and are quantified by the sensitivity sweep
of section 4.

Pose inputs for evaluation are obtained by projecting 3D joints to 2D using a camera model.
For camera matrix K and extrinsics (Rc | tc), projection is given by (11).

ũ j
t = K

(
Rc p

j
t + tc

)
,

(
x j
t , y

j
t

)
=

(
ũ j
t,1

ũ j
t,3

,
ũ j
t,2

ũ j
t,3

)
(11)

Synchronization and gait-cycle segmentation: multimodal sequences are aligned in time. In the de-
ployment setting, timestamps are aligned using a shared trigger. In the evaluation setting, modalities share a
common time base. Gait cycles are segmented using heel-strike events derived from the vertical acceleration
component. Given a window Ti covering one step, heel-strike time is estimated as in (12).

t∗i = argmin
t∈Ti

az(t) (12)
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Preprocessing: pose coordinates are normalized to reduce translation and scale variation. The hip-
center coordinate is defined by (13) and the normalized pose by (14).

ct =
phip,l(t) + phip,r(t)

2
(13)

P̂ 2D
t =

P 2D
t − ct
st

(14)

Where st is a scale factor derived from a stable body segment length. IMU signals are low-pass filtered
to suppress high-frequency noise. Segment orientation is represented by a unit quaternion q(t) obtained by
integrating angular velocity, as in (15).

q̇(t) = 1
2 q(t)⊗ Ωq(t), q(t)← q(t)

∥q(t)∥
(15)

The resulting synchronized and segmented sequences P̂ 2D
t and IMU-derived features form the input to the

encoders and the fusion transformer.

3.3. Feature representation and encoding
Vision features: the vision feature set integrates two representations derived from HRNet-W48 pose

estimates: relative joint coordinates and joint angle embeddings. Relative joint coordinates R2D
t express each

joint position relative to the pelvis center, reducing inter-subject anatomical variability, as in (16).

R2D
t = {(xj − xpelvis, yj − ypelvis)}18j=1 , j ̸= pelvis (16)

Joint angles θt for critical joints encode local articulation. For joint j, the angle between segments va and vb
connecting neighbouring joints a, j, b is given by (17).

θj(t) = arccos

(
va · vb
∥va∥ ∥vb∥

)
(17)

Silhouette embeddings Ssil
t are extracted using an ImageNet-pretrained ResNet-50 fine-tuned on silhouette gait

sequences, as in (18). The per-frame vision feature vector is defined by (19).

Ssil
t = ResNet50(It) (18)

Vt =
[
R2D

t ; θt; S
sil
t

]
(19)

Wearable features: wearable features capture limb kinematics from IMUs, comprising angular veloc-
ities, stride events, and gait phase timings. Filtered angular velocities give instantaneous rotational motion, as
in (20).

Ωf (t) = [ωx(t), ωy(t), ωz(t)]
T (20)

Stride event features are derived from heel-strike and toe-off occurrences in the vertical acceleration signal.
Gait phase timings τt within each cycle are normalized between 0 (heel-strike) and 1 (subsequent heel-strike),
as in (21). The wearable modality then produces the per-frame features of (22).

τt =
t− t∗i

t∗i+1 − t∗i
, t ∈

[
t∗i , t

∗
i+1

]
(21)

Wt = [Ωf (t); τt] (22)

Feature integration: vision and wearable features are combined at the joint level for each frame, using
spatial alignment between modalities. The integrated multimodal feature vector Mt at frame t is given by (23).

Mt = [Vt; Wt] ∈ RDV +DW (23)

Where DV and DW denote the dimensionalities of the vision and wearable features. These concatenated
vectors are the inputs consumed by the encoders of section 3.1, which map them to the encoder outputs hV

t and
hS
t of dimension dV and dW . Self-attention of section 3.1 then operates on the concatenated encoder outputs,

while the cross-attention of section 3.4 operates on the modality streams before concatenation, so the two paths
describe successive stages of one pipeline rather than alternatives.
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3.4. Multimodal feature fusion (Cross-attention mechanism)
FusionGait-transformer integrates multimodal features through a cross-attention mechanism that mod-

els interactions between vision and wearable modalities at each timestep of a gait cycle. Given vision em-
beddings Vt ∈ RDV and wearable embeddings Wt ∈ RDW at timestamp t, the module generates refined
representations by bidirectional attention across modalities.

Each modality alternately serves as the query while the complementary modality provides keys and
values. For vision queries attending to wearable features at timestamp t, the projections are given by (24).

Q
(V→W)
t = VtWQV, K

(V→W)
t = WtWKW, Z

(W)
t = WtWZW (24)

Where WQV, WKW, WZW and their reverse-direction counterparts WQW, WKV, WZV are learned linear pro-
jection matrices. The attention weights A

(V→W)
t follow scaled dot-product attention, as in (25), with dk the

key dimension. The reverse direction A
(W→V)
t is defined symmetrically by exchanging the roles of the two

modalities, with Q
(W→V)
t = WtWQW, K(W→V)

t = VtWKV, Z(V)
t = VtWZV.

A
(V→W)
t = SoftMax

Q
(V→W)
t

(
K

(V→W)
t

)T
√
dk

 (25)

Modality reliability is modelled explicitly. A per-modality reliability gate gm(t) ∈ [0, 1] is computed
for each modality m ∈ {V,W} at time t from the local norm and the local Shannon entropy of the modality
embedding, as in (26).

gm(t) = σ
(
wT

m [ ∥xm(t)∥2 ; H(xm(t))] + bm
)

(26)

Where σ is the sigmoid, ∥xm(t)∥2 is the L2 norm of the modality embedding at time t, H(xm(t)) is the local
Shannon entropy across feature channels, and wm, bm are learnable parameters. The gated cross-attention
outputs are then computed as in (27) and (28).

V fused
t = Vt + gW (t) ·A(V→W)

t Z
(W)
t (27)

W fused
t = Wt + gV (t) ·A(W→V)

t Z
(V)
t (28)

When modality m exhibits low local energy or high entropy, signalling noise, occlusion, or sensor
artefact, gm(t) decreases toward zero and reduces the contribution of that modality to the fused stream. The
gates are trained jointly with the rest of the network through the identity and gait-condition losses, giving an
explicit and learnable mechanism for per-timestep modality weighting.

The mechanism supplies robustness through complementarity. Under partial occlusion or adverse
lighting the gate on the vision stream contracts and IMU-derived features carry the fused representation; under
inertial drift or transient sensor artefact the reverse holds. Weighting is therefore recalibrated at the temporal
granularity of the gait cycle rather than fixed at training time. Measured gate trajectories and attention mass
distributions are reported in section 4.

3.5. Clinically motivated gait metrics
Diagnostic metrics are computed from fused multimodal data (vision-derived 2D joint trajectories and

wearable sensor signals) to quantify gait abnormality.

– Gait symmetry index (GSI): GSI quantifies left-right symmetry. Joint angle trajectories from pose estima-
tion and IMU-derived stride event timings serve as inputs. GSI for joint j is calculated as in (29).

GSIj =

∣∣XL
j −XR

j

∣∣
0.5
(
XL

j +XR
j

) × 100 (29)

Where XL
j and XR

j represent peak angular displacement or stride duration from the left and right sides. Ag-
gregation across key joints yields a symmetry profile.
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– Cadence variability (CV): CV reflects temporal gait stability. Stride durations ∆ti determined by consecu-
tive heel-strike timings, augmented by frame-based pose segmentation, give the coefficient of variation, as
in (30).

CV =
σ(∆ti)

µ(∆ti)
× 100 (30)

Where σ(∆ti) and µ(∆ti) denote the standard deviation and mean of stride duration across gait cycles.

– Stride regularity (SR): SR measures consistency of repetitive stride patterns by autocorrelation of the verti-
cal acceleration signal az(t) evaluated at the average stride interval Ts, as in (31).

SR = Raz (Ts) =
E[az(t) az(t+ Ts)]√
E[a2z(t)] E[a2z(t+ Ts)]

(31)

Where E is the expectation operator, and higher SR indicates more consistent stride patterns. These metrics
provide a diagnostic profile reflecting underlying gait dysfunction.

Integration into classification head: the metric vector c = [GSI,CV, SR]
T is concatenated with the

global gait embedding g ∈ Rd to form (32). A classification head implemented as a fully connected network
with SoftMax output predicts the gait-condition label y defined in the evaluation protocol, as in (33).

z = [g; c] ∈ R d+3 (32)

p(y | z) = SoftMax(Wc z + b) (33)

Joint training with the identity recognition head uses the composite objective of (34).

L = Lid + λclsLcls (34)

Where Lid and Lcls are cross-entropy losses for identity recognition and gait-condition classification, and λcls

balances task contributions. The joint objective encourages embeddings that preserve identity-discriminative
information while retaining interpretable gait characteristics.

4. RESULTS AND DISCUSSION
4.1. Experimental setup

This section evaluates FusionGait-transformer under a benchmark protocol. The protocol specifies
dataset construction, task definitions, training objectives, and evaluation metrics for gait identification and gait-
condition classification. Baseline methods are evaluated under matched input modalities, subject-independent
splits, and calibrated training budgets. Robustness analyses cover speed conditions, viewpoint changes, and
sensor placement perturbations. Statistical reporting is based on repeated runs with different random seeds and
multiple random subject splits.

Dataset description: evaluation uses the CMU motion capture database [47], which provides motion-
capture trajectories recorded at 120 Hz for multiple gait trials per subject. A subset of 120 subjects with
balanced gender distribution is used. Trials are grouped into slow, normal, and fast walking conditions.
Viewpoint variation is represented by defining multiple camera extrinsics and projecting 3D joints into 2D pose
sequences for each view. Virtual IMU signals are generated from the 3D trajectories at anatomically defined
lower-limb locations using the analytical model of section 3.2. Data partitioning follows subject-independent
splits. Multiple random subject splits and multiple training seeds are used for statistical reporting, and all
methods share identical splits to support fair comparison.

Training objectives and optimization: training uses a composite objective that combines identity clas-
sification loss, gait-condition classification loss, and an optional domain-adversarial loss implemented with a
gradient reversal layer, as in (35).

L = Lid + λclsLcls + λdomLdom (35)

Hyperparameters λcls and λdom are selected on the validation set under a fixed tuning budget shared across
methods. Optimization uses Adam with initial learning rate 2 × 10−4, exponential decay factor 0.9 every 20
epochs, batch size 32, and dropout 0.3.
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Training strategy: masked multimodal sequence modeling randomly masks 15% of vision and sen-
sor embeddings and trains reconstruction with mean squared error for a fixed number of epochs. Domain-
adversarial training encourages domain-invariant embeddings across viewpoint, walking speed, and sensor
placement.

Performance metrics: identification performance is measured using Rank-1 accuracy and equal error
rate (EER). Gait-condition classification is measured using F1-score and area under the ROC curve (AUC-
ROC). F1-score is reported as macro-average when class imbalance is present. Metrics are reported as mean
and standard deviation across repeated runs with shared subject splits.

Baseline methods: baselines include vision-only, sensor-only, and multimodal fusion models. Vision-
only baselines receive the same pose and silhouette representations used by the vision stream, represented by 3D
Graph-based Kinematics (3DGK) [44]. Multimodal baselines receive both streams, represented by the temporal
deep pose transformer with gait transformer (TDPT-GT) [45]. All baselines share the subject splits, sequence
segmentation, preprocessing pipeline, maximum epochs, early stopping rule, and hyperparameter search space.
Ablation baselines include early concatenation fusion, late score fusion, and LSTM-based fusion.

Implementation: FusionGait-transformer is implemented in PyTorch 2.2.0 and trained on an NVIDIA
RTX A6000 GPU (48 GB VRAM) with an Intel Xeon CPU (24-core, 3.0 GHz) and 128 GB RAM. Deployment-
side timing and memory characteristics are reported in section 4.5.

4.2. Identification and gait-condition classification performance
Results are reported for gait identification and gait-condition classification under the defined bench-

mark protocol. Table 1 compares FusionGait-transformer against the vision-only and multimodal baselines on
all four metrics, with identification summarized by Rank-1 accuracy and EER and classification summarized
by F1-score and AUC-ROC. All results are reported as mean and standard deviation across repeated runs with
shared splits across methods.

Table 1. Performance comparison of FusionGait-transformer with baselines. F1-score and AUC-ROC refer to
gait-condition classification

Model Rank-1 (%) ↑ EER (%) ↓ F1-score (%) ↑ AUC-ROC (%) ↑
TDPT-GT (multimodal) 95.2 ± 0.6 4.5 ± 0.4 89.3 ± 1.1 92.1 ± 0.8

3DGK (vision-only) 96.8 ± 0.4 3.1 ± 0.3 91.2 ± 0.9 94.3 ± 0.6
FusionGait-transformer 98.9 ± 0.3 1.8 ± 0.2 95.7 ± 0.5 97.6 ± 0.4

Differences are interpreted together with the reported spread to avoid over-interpretation of small
margins, and claims are restricted to the defined benchmark protocol. FusionGait-transformer reaches Rank-1
accuracy of 98.9%, an absolute improvement of 2.1 percentage points over 3DGK and 3.7 points over TDPT-
GT. EER decreases to 1.8%. Figure 2 plots both identification metrics for the three methods on a shared axis,
showing that the EER reduction is proportionally larger than the Rank-1 gain.

Figure 2. Identification performance (Rank-1 accuracy and EER)
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Gait-condition classification improves to an F1-score of 95.7% and AUC-ROC of 97.6%, exceed-
ing both baselines. Figure 3 shows the two classification metrics per method. The improvement indicates
stronger separation of the gait-condition labels defined in the benchmark protocol. Clinical relevance requires
validation on cohorts with clinically verified labels and on data collected from real wearable sensors with full
artefact representation. The current results therefore demonstrate feasibility under the benchmark, not clinical
readiness.

Figure 3. Clinical diagnostic performance (F1-score and AUC-ROC)

4.3. Ablation analysis and attention behaviour
Figure 4 contrasts Rank-1 identification accuracy for the full multimodal model against the vision-

only and sensor-only variants under identical training budgets and subject splits, with the corresponding values
reported in Table 2. Both unimodal variants fall below the full model, the sensor-only variant furthest on
both metrics, so neither stream is sufficient alone. The phase-dependent attention mass reported later in this
subsection gives the mechanism: each stream dominates the fused representation at a different point in the gait
cycle.

Figure 4. Ablation study, multimodal versus unimodal performance (Rank-1 accuracy)

Ablation results quantify the contributions of the fusion mechanism, reliability gating, masked pre-
training, and domain-adversarial learning. Table 2 reports Rank-1 accuracy and F1-score for each variant under
identical inputs and training budgets.
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Removing reliability gating while retaining cross-attention costs 1.1 points of Rank-1 accuracy and
1.6 points of F1-score, so the gating contributes more to gait-condition separation than to identification.
It is also the only single-component difference that separates cleanly at this sample size: the masked-pretraining
and domain-adversarial variants lie within one standard deviation of each other and of the full model on Rank-1
accuracy, so their individual contributions cannot be ranked from these runs. The three non-attentional base-
lines do not order consistently across tasks: LSTM fusion gives the strongest Rank-1 accuracy of the three
but the weakest F1-score, while late score fusion is weakest on identification yet recovers on classification.
Identification benefits from temporal modelling of the concatenated stream, whereas gait-condition separation
depends on how modality contributions are weighted.

Table 2. Contribution of fusion mechanism and training components. F1-score refers to gait-condition
classification

Variant Rank-1 (%) ↑ F1-score (%) ↑
Full model 98.9 ± 0.3 95.7 ± 0.5

Cross-attention without reliability gating 97.8 ± 0.4 94.1 ± 0.7
Without masked pretraining 98.1 ± 0.5 94.6 ± 0.6

Without domain-adversarial loss 98.4 ± 0.3 95.2 ± 0.6
Vision stream only 96.4 ± 0.5 92.6 ± 0.8
Sensor stream only 94.7 ± 0.9 88.5 ± 1.4

LSTM sequence fusion 96.9 ± 0.7 90.7 ± 1.2
Early concatenation fusion 96.1 ± 0.6 91.8 ± 0.9

Late score fusion 95.6 ± 0.8 92.4 ± 1.0

Attention behaviour and modality contribution: mean cross-attention weights across the gait cycle
reveal a stable pattern. Around heel-strike events, IMU-side queries receive 62% of the attention mass against
pose-side keys, reflecting the sharp transient in vertical acceleration. During mid-swing, pose-side queries
receive 71% of the attention mass against IMU-side keys, reflecting the dominance of limb geometry in that
phase. A controlled corruption study confirms the gating behaviour. Injecting Gaussian noise at three times
the baseline standard deviation into the IMU stream causes mean gW (t) to drop from 0.81 to 0.34, while mean
gV (t) rises from 0.79 to 0.92. Applying a 50% pixel occlusion mask on silhouette inputs causes mean gV (t)
to drop from 0.79 to 0.41, while mean gW (t) rises from 0.81 to 0.94. The learned reliability gates respond to
instantaneous modality quality rather than to fixed global weights, and the cross-attention layer redistributes the
contribution accordingly. This behaviour explains the observed gains over the static-weighting fusion baselines.

4.4. Robustness and sensitivity analysis
Robustness is evaluated under controlled domain shifts. Viewpoint changes are represented by alter-

ing camera extrinsics for 2D projections. Sensor placement shifts are represented by applying rotation and
translation perturbations to virtual IMU frames and by adding bias and drift terms. Speed conditions are evalu-
ated by stratifying trials into slow, normal, and fast groups. Figure 5 and Table 3 report Rank-1 accuracy under
each condition separately. Identification serves as the robustness measure because domain shift alters signal
appearance and placement rather than the gait deviations the condition labels encode, so identity matching is
the task directly exposed to it.

Viewpoint is the dominant factor, costing 5.1 points at a 60-degree offset, the largest single degradation
observed. Speed stratification is comparatively mild, and fast trials outperform slow trials, indicating that
reduced cadence rather than elevated cadence is the harder condition. Sensor placement tolerates moderate
perturbation with little loss and degrades only under severe displacement.

Sensitivity to virtual IMU realism: a sensitivity sweep varies noise standard deviation, bias drift
magnitude, and misalignment angle across plausible wearable-grade ranges. Rank-1 accuracy decreases from
98.9% at the baseline setting to 96.7% when σa and σω are multiplied by three and the steady-state bias stan-
dard deviation is multiplied by two. Rank-1 accuracy decreases to 95.4% when the misalignment angle range is
extended from [0◦, 5◦] to [0◦, 15◦]. The model retains operational performance across the swept ranges, which
supports feasibility under the wearable-grade artefacts captured by the analytical IMU model. The sweep does
not represent artefacts excluded from the model (soft-tissue motion, attachment slippage, packet loss, asyn-
chronous sampling). These omissions are addressed in section 5 as future work with real wearable sensors.
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Figure 5. Performance under controlled domain shifts (Rank-1 accuracy)

Table 3. Rank-1 accuracy under controlled domain shifts
Domain factor Condition Rank-1 (%)

Reference Matched viewpoint, normal speed 98.9 ± 0.3
Viewpoint 30-degree offset 97.1 ± 0.6
Viewpoint 60-degree offset 93.8 ± 1.1

Walking speed Slow trials 97.6 ± 0.5
Walking speed Fast trials 98.2 ± 0.4

Sensor placement Moderate perturbation 98.3 ± 0.4
Sensor placement Severe perturbation 96.2 ± 0.7

4.5. ICT deployment characteristics and application context
Gait analysis reaches clinical users through an information and communication technology pipeline

rather than as an isolated model. The relevant question is therefore not accuracy alone but whether the fused
representation can be produced and transported within the constraints of a wearable IoT deployment. Table 4
reports the measured profile across three execution tiers, with latency and memory given as the median of
repeated timing runs.

Table 4. Deployment profile across execution tiers. Latency is reported per gait cycle and memory as peak
usage per sample

Execution tier Hardware Latency (ms) Memory (GB) Precision
Workstation GPU NVIDIA RTX A6000 85 2.81 FP32
Edge accelerator Jetson Orin Nano 8 GB 312 1.37 FP16
Gateway CPU ARM Cortex-A78, 4 cores 968 0.86 INT8

The full model at 25.3 million parameters occupies 96.5 MiB in FP32 and 24.1 MiB after INT8 quan-
tization, which brings it within the storage budget of a clinical gateway device. Normal walking cadence gives
roughly one gait cycle per second, which sets the budget for keeping pace with a live stream. Edge execu-
tion meets that budget with margin, while gateway CPU execution approaches it and would suit asynchronous
review rather than live feedback. The sensor branch alone occupies 0.4 million parameters and completes in
11 ms on the same ARM core, so the inertial stream can be processed on the wearable node while the vision
stream is handled upstream.

Split execution also reduces the communication load, which is usually the binding constraint in remote
monitoring. Streaming raw RGB video at 640 × 480 and 30 frames per second requires about 221 Mbit/s,
whereas transmitting the pooled dmodel-dimensional embedding once per gait cycle requires about 8 kbit/s.
A gap of more than four orders of magnitude makes continuous monitoring practical over consumer-grade
uplinks and limits the exposure of identifiable video beyond the point of capture.

FusionGait-transformer: multimodal transformer-based framework ... (Kiran Kumar S V N Madupu)



1916 ❒ ISSN: 2252-8776

Beyond monitoring, the fused representation supports continuous biometric authentication in health-
care ICT environments, where clinicians and patients share terminals and explicit re-authentication is imprac-
tical. Multimodal fusion also raises the cost of presentation attacks, because a spoof must reproduce both a
plausible visual gait pattern and a consistent inertial signature at the same gait phase. The corruption study of
section 4.3. supports this. When one stream is manipulated, the reliability gate on that stream contracts and the
decision shifts toward the untouched stream, so a single-channel attack reduces its own influence rather than
propagating.

Table 5 positions the framework against comparable multimodal systems on the axes that deter-
mine ICT fit. The wearable-oriented systems prioritize footprint over modality breadth, the imaging system
prioritizes capacity over deployability. FusionGait-transformer fuses three streams while retaining edge
feasibility.

Table 5. Positioning against comparable multimodal systems
System Modalities fused Sensing type Reported deployment target

Wang et al. [19] Two Inertial with positioning aid Wearable, degraded-GNSS
Buffelli and Vandin [21] One Inertial On-device activity recognition

Bi et al. [23] Two Structural and functional imaging Server-side analysis
FusionGait-transformer Three Pose, silhouette, and inertial Edge or clinical gateway

4.6. Discussion
Prior gait systems either analyse a single modality, and so miss cross-modal cues that appear in one

stream but not the other, or combine modalities by concatenation or score averaging, which fixes the modality
balance before any data is seen. Neither approach adapts when one stream degrades mid-sequence. Deployment
is treated separately again: wearable systems report footprint for one or two streams and imaging systems
report accuracy without a deployment path, so no prior system combines three-modality fusion with a reported
execution profile across deployment tiers.

The results address both gaps. Identification reaches 98.9% Rank-1 accuracy at 1.8% EER, and gait-
condition classification reaches 95.7% F1-score at 97.6% AUC-ROC, exceeding the strongest baseline by 2.1
and 4.5 points respectively. The ablation isolates where the gain originates: reliability gating is the only
single component whose removal produces a separable loss, at 1.1 points of Rank-1 accuracy and 1.6 points of
F1-score, and the corruption study shows the gates moving in the expected direction and magnitude when a
stream is degraded.

The interpretation is that adaptive weighting matters more for gait-condition separation than for iden-
tity matching. Identity is carried redundantly by both streams, so a static fusion rule loses little. Condition-
related deviations are often visible in only one stream at a given phase, which is why the fusion baselines
in Table 2 reorder between the two tasks rather than degrading uniformly. This is consistent with the phase-
dependent attention mass reported in section 4.3, where inertial features dominate at heel strike and pose
features dominate at mid-swing.

Three limitations bound these conclusions. Inertial signals are analytically generated, so artefacts such
as attachment slippage and asynchronous sampling are absent, and the sensitivity sweep bounds rather than
removes this gap. Heterogeneous wearable devices differ in sampling rate, axis convention, and calibration,
whereas the evaluation uses one virtual sensor specification, so interoperability across vendors is untested.
A gait signature is itself a biometric identifier, so transporting or centralizing it raises privacy exposure that
accuracy figures do not capture. Gait-condition labels follow the benchmark protocol and do not substitute for
clinically verified diagnoses.

Each limitation maps to an established ICT remedy. Interoperability is addressable through a device-
abstraction layer that resamples and reorients incoming inertial streams to a canonical frame before encoding,
using the same misalignment model already present in section 3.2. Privacy exposure is reduced by the split
execution of section 4.5, since the embedding rather than the video leaves the capture point, and further by
federated training, which keeps raw recordings at each site while sharing only model updates. Cross-site
clinical validation is the remaining requirement, and federated training is also the mechanism that makes it
feasible without pooling patient recordings.
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Residual misidentifications occur predominantly among subjects with highly similar gait patterns
or when both modalities degrade at once, the expected failure mode for a design that recovers from single-
stream degradation by reweighting toward the complementary stream. The evaluation therefore supports cross-
attention fusion with reliability gating as an effective and deployable basis for multimodal gait analysis under
the defined benchmark, with real-sensor and clinically labelled validation as the next required step.

5. CONCLUSION
FusionGait-transformer integrates pose, silhouette, and inertial signals within a single cross-attention

transformer with per-modality reliability gating, and combines symmetry, cadence variability, and stride regu-
larity metrics with the learned global embedding for gait-condition classification. On the CMU motion capture
benchmark the framework leads the strongest baseline by 2.1 points on identification and by 4.5 points on gait-
condition classification, and reduces EER to 1.8%. Removing the gating mechanism costs 1.1 and 1.6 points
on those two tasks, the only single component whose contribution is separable at this sample size.

The methodological value lies in the unified cross-attention design with explicit reliability gating and
the joint use of learned embeddings with structured clinical metrics. Measured execution across workstation,
edge, and gateway tiers indicates that the framework can operate inside smart healthcare platforms, wearable
IoT ecosystems, and clinical decision-support systems rather than as an offline classifier. Extension to clinical
diagnostics requires validation on clinically labeled cohorts and on real wearable sensors with full artefact
representation. Federated training and a device-abstraction layer for heterogeneous wearables are the routes to
that validation without pooling patient recordings.
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