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Abstract. Spatiotemporal gait analysis is well established but remains
underused in routine practice. We propose an observer-egocentric ap-
proach using smart glasses together with monocular 3D human and
camera pose estimation to enable gait analysis during routine clinical
observation. To support this, we introduce a benchmark dataset of ego-
centric video captured by a moving observer, with visual-inertial-based
reference spatiotemporal parameters, and use it to evaluate a pipeline
for real-world gait analysis. Results show the potential and current lim-
itations of observer-egocentric gait analysis.
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1 Introduction

Spatiotemporal gait analysis is a proven method for evaluating and studying
human movement in clinical and research settings [43}60]. However, most exist-
ing quantitative gait analysis approaches remain impractical for routine use, as
they rely on laboratory setups, dedicated instrumentation, and trained person-
nel [25}47,50]. As a result, gait assessment remains largely confined to controlled
environments |1|, despite growing evidence that real-world measurements may
better reflect everyday walking [3}[6[18./59]. These limitations highlight the need
for gait analysis methods that are easy to use and operable in unconstrained,
real-world environments.

Recent advances in computer vision, together with the emergence of smart
glasses equipped with cameras and inertial sensors, offer new opportunities for
practical gait analysis in real-world settings [14]. Monocular 3D human and
camera pose estimation methods have improved substantially, enabling more
accurate estimation in unconstrained environments [23}35]. These developments
suggest an observer-egocentric approach in which an external observer, such as
a clinician or caregiver, records a walking subject using smart glasses during
routine qualitative observation, without the need for complex setups or sensors
on the subject
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Despite its promise, this approach remains largely unexplored. The closest
existing gait analysis approaches are limited to fixed-camera setups in controlled
environments [10,27,36/51,57]. At the same time, most computer vision methods
are evaluated almost exclusively using joint-level pose accuracy metrics, such as
mean per-joint position error (MPJPE), which do not reflect biomechanically
meaningful performance [35]. As a result, it remains unclear whether current
methods are suitable for observer-egocentric gait analysis in real-world settings.

The goal of this work is to assess an observer-egocentric approach to spa-
tiotemporal gait analysis. To this end, we introduce a benchmark, including a
dataset captured from a moving observer using smart glasses with synchronized
inertial reference, as well as a pipeline for spatiotemporal gait parameter extrac-
tion and evaluation.

2 Related Work

2.1 Gait Analysis Systems

Traditionally, gait analysis has relied on marker-based motion capture systems,
which provide accurate measurements but require controlled environments, spe-
cialized equipment, and extensive setup [7,[11]. More recently, markerless ap-
proaches have been proposed to improve accessibility [24], including multi-camera
systems [22,/41}/54], monocular methods from static or constrained viewpoints
|10} 27,136L|51,/57], and mobile smartphone-based methods, including gimbal-
stabilized and handheld [9}/42], which have shown promising agreement with ref-
erence measurements. However, these approaches remain limited to fixed or sta-
bilized camera viewpoints and controlled environments. Other solutions such as
pressure-sensitive walkways or wearable inertial sensors also require constrained
capture areas, subject instrumentation, or careful calibration [45}46|. Overall,
existing gait analysis systems do not support simple and versatile spatiotemporal
gait assessment in unconstrained, hands-free settings.

2.2 3D Pose Estimation

Monocular human motion reconstruction has substantially improved through the
use of parametric body models such as SMPL [37], large-scale HMR-style frame-
works with vision transformers |20,29|, and methods that couple human motion
with camera estimation in world coordinates [32,[58]. At the same time, there
is growing interest in biomechanically accurate motion reconstruction [31}[33].
However, most existing approaches are still designed primarily for visual realism
and are evaluated using joint-level pose accuracy metrics such as MPJPE. While
these metrics are central for training and standardized comparison [39], they do
not reflect task-level or biomechanically meaningful performance [35]. As a re-
sult, progress reported on existing benchmarks datasets such as Human3.6M |28],
3DPW [56|, and EMDB |30] may not necessarily translate to reliable gait anal-
ysis.
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Fig. 1: Overview of our evaluation framework. Green represents Nymeria-Gait data,
which includes egocentric observer videos, VIO SLAM, and reference skeleton data
(Sec. . Orange represents the 3D pose estimation stage, which takes video input
(optionally with VIO SLAM from the glasses) (Sec. and returns 3D poses in
both camera and world coordinates. Blue represents our gait estimation pipeline and

evaluation (Sec. .

2.3 Datasets and Benchmarks

Existing datasets for gait and human motion analysis are primarily captured in
controlled environments using fixed monocular or multi-camera setups ,
which limits their suitability for observer-egocentric and mobile scenarios .
Several datasets provide gait measurements or walking sequences, but either
lack synchronized video and rely on static viewpoints , or do not include
the precise reference information required for biomechanical analysis [8}[44][52].
More recent real-world motion datasets introduce mobile cameras or egocen-
tric viewpoints and enable the study of human motion from an observer’s per-
spective . However, these datasets are not designed for gait
analysis, as they lack structured walking sequences, standardized gait annota-
tions, or evaluation protocols based on spatiotemporal gait parameters (Details
in Supplementary Table 1-S1). As a result, no existing dataset enables systematic
benchmarking of observer-egocentric gait analysis in real-world settings.

3 Methods

3.1 Overview

Our goal is to evaluate observer-egocentric spatiotemporal gait analysis. To study
this setting, we design a benchmark that combines egocentric smart-glasses
recordings with synchronized inertial reference data and a modular pipeline
for motion reconstruction and gait parameter extraction (Fig. . Monocular
3D human and camera pose estimation methods can be evaluated within this
framework by comparing estimated gait parameters to reference measurements.
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3.2 Nymeria-Gait Dataset

Nymeria-Gait is a dataset designed for observer-egocentric gait analysis which is
a subset of the large all-purpose multimodal Nymeria dataset [38]. It consists of
egocentric video recordings captured by mobile observers wearing smart glasses
|14], while observing a participant equipped with an inertial motion capture
suit (Xsens, NL). Video was recorded at 30 Hz and synchronized with reference
motion captured at 240 Hz. All devices were time-synchronized, and recordings
were spatially registered.

Nymeria-Gait contains 908 walking sequences from 54 subjects (26 males
and 28 females; age: 18 to 50 years old, weight: 69412 kg; height: 1.68+0.09 m),
recorded across indoor and outdoor environments and spanning a total walking
distance of approximately 7.9 km. The data include straight and turning mo-
tion, as well as flat and sloped terrain, captured during unconstrained real-world
activities.

Detailed information on dataset construction, sequence selection, annota-
tions, and statistics is provided in the supplementary material (Sec. S1).

3.3 Motion Reconstruction and Gait Evaluation

Pipeline: Given egocentric video captured by a moving observer, our frame-
work reconstructs the subject’s 3D motion and evaluates gait parameters derived
from the reconstructed trajectories. Monocular 3D pose estimation methods are
applied to the observer video for human motion relative to the camera. When
required, reconstructed poses are expressed in a global coordinate system using
the camera trajectory, enabling spatial gait analysis (Fig. .

Evaluation Protocol: The framework is designed to be modular, allowing
different monocular pose estimation and camera localization methods to be in-
terchanged and evaluated under a common protocol. Both camera-centric and
world-centric reconstructions are supported, depending on the capabilities of the
evaluated method.

Gait events are identified from foot trajectories relative to the pelvis along
the walking direction for both the evaluated method and the synchronized ref-
erence, following prior work [49.|55]/61]. These events are then used to compute
cycle, stance, swing, and double support durations. Stride length is also calcu-
lated on a cycle basis as the horizontal distance traveled by each foot between
consecutive heel strikes. For each sequence, total displacement is computed from
pelvis trajectory in the horizontal plane, and average walking speed is obtained
by dividing this distance by sequence duration.

The resulting spatiotemporal parameters are compared between the evalu-
ated method and the synchronized reference to assess performance. This design
enables systematic benchmarking of observer-egocentric gait analysis pipelines
by quantifying how reconstruction errors propagate to interpretable gait mea-
sures.
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3.4 Method Selection for Experiments

We evaluated multiple monocular 3D human motion reconstruction methods and
several variants of camera motion integration within the proposed framework.
The evaluation considered both temporal and spatial gait parameters, allowing
us to assess how different design choices affect gait estimation accuracy (details
in Supplementary Sec. S2).

Based on this analysis, we selected the best-performing configuration for all
subsequent experiments. In particular, we use WHAM [48| combined with cam-
era trajectories provided by the smart-glasses visual-inertial (VIO) simultaneous
localization and mapping (SLAM). This configuration achieved the most con-
sistent performance across temporal gait events, spatial gait parameters, and
trajectory accuracy in real-world conditions.

4 Experiments

4.1 Experimental Setup

Data Selection and Preprocessing: Experiments are conducted on our Nymeria-
Gait dataset (Sec. using our pipeline (Sec. . As Nymeria-Gait is a
general-purpose dataset, some recordings revealed to be unsuitable, for example
due to persistent foot occlusion that prevents reliable gait event detection. Such
sequences were excluded.

The final evaluation set consists of 608 walking sequences, comprising 5,609
gait cycles and covering approximately 4.4 km of walking. These data were col-
lected from 53 subjects across indoor and outdoor environments and correspond
to 76 minutes of continuous walking.

Evaluation Metrics: To evaluate the proposed observer-based method, first,
the event detection rate was calculated as the percentage of correctly identified
heel-strike and toe-off events using the proposed method relative to the total
number of these events identified by the reference. Then, based on the identified
events, the errors (difference between the proposed and reference methods) were
calculated for each cycle, stance, swing, and double support times. Similar error
calculations were performed for stride length, gait speed and total distance.

The accuracy was defined as the mean of the individual errors and precision
as their standard deviation (SD). In addition, the Pearson correlation coefficient
(r) was used to assess the association between parameters obtained with the
proposed and reference methods.

4.2 Quantitative Results

Temporal Parameters: The proposed observer-based method detected 96.6%
of the 14,337 gait events, with a mean event timing error of 8.7 ms and SD of
37.3 ms. Detailed results for event detection and derived temporal parameters
are reported in Table
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Parameter Accuracy (ms) Precision (ms)

Event Detection

Heel strike 114 33.9
Toe-off 5.9 40.3
Gait Timing

Cycle time 0.2 39.8
Stance time -5.3 45.1
Swing time 5.5 43.5
Double support -5.7 41.6

Table 1: Temporal gait parameter accuracy and precision across all analyzed gait

cycles. Accuracy is reported as the mean error and precision as the standard deviation
(SD).
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Fig. 2: Correlation between spatial gait parameters obtained using the proposed
observer-based method and the reference method. Each point for speed and distance
represents one of the 608 walking sequences, whereas each point for stride length rep-
resents one of the 5,609 gait cycles.

Overall, events were detected with frame-level accuracy, which propagated to
accurate (< 5.7ms) and precise (< 45.1ms) temporal parameters. Importantly,
65.4% of detected gait events meet the recommended error tolerance threshold
of 20.0 ms , indicating that the proposed approach is nearing recommended
performance for gait assessment.

Spatial Parameters: Figure [2| reports the accuracy and precision of the esti-
mated spatial gait parameters and illustrates their association with the reference.
The mean errors for walking speed and total distance correspond to less than
4.7% of the average values observed in the dataset, while stride length shows a
near-zero mean error and a precision corresponding to 9.8% of the average stride
length.

For spatial parameters, acceptable performance thresholds are inherently
application-dependent. Nevertheless, the proposed method shows strong associ-
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ation with the reference, with Pearson correlation coeflicients >0.87 for walking
speed, total distance, and stride length (Figure . The low errors for walking
speed and total distance support their use in real-world settings. In contrast, a
stride length precision close to 10% of the average value highlights a clear area
for improvement. Still, these results indicate performance comparable to exist-
ing vision-based gait analysis approaches, despite operating in unconstrained,
real-world settings with a moving observer [51}[57].

4.3 Discussion and Limitations

Overall, these results are encouraging given that they were obtained in an uncon-
strained, hands-free setting without subject instrumentation or calibration. The
observed agreement with prior vision-based gait analysis studies suggests that
the proposed approach may similarly meet minimal detectable change thresh-
olds |16Lj40]. A detailed analysis of how walking environment, terrain slope, ob-
server viewpoint, and viewing distance influence measurement errors is provided
in [5]. This analysis can expose limitations of current monocular motion recon-
struction methods that are not captured by joint-level pose errors alone.

Several limitations should be noted. First, the smart glasses operate at 30
Hz, limiting temporal resolution. Second, the use of an inertial motion capture
suit as reference limits the evaluation motivating future datasets specifically
designed for biomechanical analysis. Third, our pipeline relies on SMPL but more
recent body models [2l{15] may offer improved biomechanical fidelity. Evaluating
them is a natural direction for future benchmarking on Nymeria-Gait. While
only healthy participants were included, the underlying pose estimation and gait
event detection methods have been validated on diverse populations, suggesting
broader applicability [4113}|17}/21,61]. Finally, although smart glasses were used
here, the approach could generalize to any mobile device.
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