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Abstract

Spatiotemporal gait analysis is well established but remains
underused in routine practice. We propose an observer-
egocentric approach using smart glasses together with
monocular 3D human and camera pose estimation to en-
able 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. Re-
sults show the potential and current limitations of observer-
egocentric gait analysis.

1. Introduction

Spatiotemporal gait analysis is a proven method for evaluat-
ing and studying human movement in clinical and research
settings [43, 63]. However, most existing quantitative gait
analysis approaches remain impractical for routine use, as
they rely on laboratory setups, dedicated instrumentation,
and trained personnel [25, 47, 50]. As a result, gait assess-
ment remains largely confined to controlled environments
[1], despite growing evidence that real-world measurements
may better reflect everyday walking [3, 6, 18, 61]. 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 hu-
man and camera pose estimation methods have improved
substantially, enabling more accurate estimation in uncon-
strained environments [23, 35]. These developments sug-
gest 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 obser-
vation, without the need for complex setups or sensors on
the subject

Despite its promise, this approach remains largely un-
explored. The closest existing gait analysis approaches are
limited to fixed-camera setups in controlled environments
[10, 27, 36, 51, 59]. 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 spatiotemporal gait analysis. To this end, we
introduce a benchmark, including a dataset captured from a
moving observer using smart glasses with synchronized in-
ertial reference, as well as a pipeline for spatiotemporal gait
parameter extraction and evaluation https://github.

com/Cantalex/nymeria_gait_dataset.

2. Related Work

2.1. Gait Analysis Systems

Traditionally, gait analysis has relied on marker-based mo-
tion capture systems, which provide accurate measurements
but require controlled environments, specialized equipment,
and extensive setup [7, 11]. More recently, markerless ap-
proaches have been proposed to improve accessibility [24],
including multi-camera systems [22, 41, 56], monocular
methods from static or constrained viewpoints [10, 27, 36,
51, 59], and mobile smartphone-based methods, including
gimbal-stabilized and handheld [9, 42], which have shown
promising agreement with reference measurements. How-
ever, these approaches remain limited to fixed or stabilized
camera viewpoints and controlled environments. Other so-
lutions such as pressure-sensitive walkways or wearable in-
ertial sensors also require constrained capture areas, sub-
ject instrumentation, or careful calibration [45, 46]. Over-
all, existing gait analysis systems do not support simple and
versatile spatiotemporal gait assessment in unconstrained,
hands-free settings.

https://github.com/Cantalex/nymeria_gait_dataset
https://github.com/Cantalex/nymeria_gait_dataset


Figure 1. Overview of our evaluation framework. Green represents Nymeria-Gait data, which includes egocentric observer videos, VIO
SLAM, and reference skeleton data (Sec. 3.2). Orange represents the 3D pose estimation stage, which takes video input (optionally with
VIO SLAM from the glasses) (Sec. 3.4) and returns 3D poses in both camera and world coordinates. Blue represents our gait estimation
pipeline and evaluation (Sec. 3.3).

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 frameworks with vi-
sion transformers [20, 29], and methods that couple hu-
man motion with camera estimation in world coordinates
[32, 60]. At the same time, there is growing interest in
biomechanically accurate motion reconstruction [31, 33].
However, most existing approaches are still designed pri-
marily 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 result, progress reported on existing
benchmarks datasets such as Human3.6M [28], 3DPW [58],
and EMDB [30] may not necessarily translate to reliable
gait analysis.

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 [19, 34], which limits
their suitability for observer-egocentric and mobile scenar-
ios [55]. Several datasets provide gait measurements or
walking sequences, but either lack synchronized video and
rely on static viewpoints [8, 26], or do not include the pre-
cise reference information required for biomechanical anal-
ysis [8, 44, 54]. More recent real-world motion datasets
introduce mobile cameras or egocentric viewpoints and en-
able the study of human motion from an observer’s per-

spective [28, 30, 38, 58, 66]. However, these datasets are
not designed for gait analysis, as they lack structured walk-
ing sequences, standardized gait annotations, or evaluation
protocols based on spatiotemporal gait parameters (Suppl.
Tab. 7). 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 bench-
mark that combines egocentric smart-glasses recordings
with synchronized inertial reference data and a modular
pipeline for motion reconstruction and gait parameter ex-
traction (Fig. 1). Monocular 3D human and camera pose
estimation methods can be evaluated within this framework
by comparing estimated gait parameters to reference mea-
surements.

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 egocen-
tric 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: 69±12 kg; height: 1.68±0.09 m), recorded across
indoor and outdoor environments and spanning a total walk-
ing distance of approximately 7.9 km. The data include
straight and turning motion, as well as flat and sloped ter-
rain, captured during unconstrained real-world activities.

Detailed information on dataset construction, sequence
selection, annotations, and statistics is provided in the sup-
plementary material (Sec. 5).

3.3. Motion Reconstruction and Gait Evaluation
3.3.1. Pipeline
Given egocentric video captured by a moving observer, our
framework reconstructs the subject’s 3D motion and evalu-
ates gait parameters derived from the reconstructed trajec-
tories. Monocular 3D pose estimation methods are applied
to the observer video for human motion relative to the cam-
era. When required, reconstructed poses are expressed in
a global coordinate system using the camera trajectory, en-
abling spatial gait analysis (Fig. 1).

3.3.2. Evaluation Protocol
The framework is designed to be modular, allowing dif-
ferent monocular pose estimation and camera localization
methods to be interchanged and evaluated under a com-
mon protocol. Both camera-centric and world-centric re-
constructions 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 eval-
uated method and the synchronized reference, following
prior work [49, 57, 65]. These events are then used to com-
pute cycle, stance, swing, and double support durations.
Stride length is also calculated on a cycle basis as the hor-
izontal distance traveled by each foot between consecutive
heel strikes. For each sequence, total displacement is com-
puted from pelvis trajectory in the horizontal plane, and av-
erage walking speed is obtained by dividing this distance by
sequence duration.

The resulting spatiotemporal parameters are compared
between the evaluated method and the synchronized ref-
erence to assess performance. This design enables sys-
tematic benchmarking of observer-egocentric gait analysis
pipelines by quantifying how reconstruction errors propa-
gate to interpretable gait measures.

3.4. Method Selection for Experiments
We evaluated multiple monocular 3D human motion recon-
struction methods and several variants of camera motion in-
tegration within the proposed framework. The evaluation
considered both temporal and spatial gait parameters, al-

lowing us to assess how different design choices affect gait
estimation accuracy (details in Sec. 6).

Based on this analysis, we selected the best-performing
configuration for all subsequent experiments. In particular,
we use WHAM [48] combined with camera trajectories pro-
vided by the smart-glasses visual-inertial (VIO) simultane-
ous localization and mapping (SLAM). This configuration
achieved the most consistent performance across temporal
gait events, spatial gait parameters, and trajectory accuracy
in real-world conditions.

4. Experiments
4.1. Experimental Setup
4.1.1. Data Selection and Preprocessing
Experiments are conducted on our Nymeria-Gait dataset
(Sec. 3.2) using our pipeline (Sec. 3.3). 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 se-
quences, comprising 5,609 gait cycles and covering approx-
imately 4.4 km of walking. These data were collected from
53 subjects across indoor and outdoor environments and
correspond to 76 minutes of continuous walking.

4.1.2. Evaluation Metrics
To evaluate the proposed observer-based method, first, the
event detection rate was calculated as the percentage of cor-
rectly identified heel-strike and toe-off events using the pro-
posed 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 ref-
erence methods) were calculated for each cycle, stance,
swing, and double support times. Similar error calculations
were performed for stride length, gait speed and total dis-
tance.

The accuracy was defined as the mean of the individ-
ual 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
4.2.1. 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 1.

Overall, events were detected with frame-level accu-
racy, which propagated to accurate (≤ 5.7ms) and precise
(≤ 45.1ms) temporal parameters. Importantly, 65.4% of



Figure 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 represents one of the 5,609
gait cycles.

Parameter Accuracy (ms) Precision (ms)

Event Detection
Heel strike 11.4 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).

detected gait events meet the recommended error-tolerance
threshold of 20.0 ms [12], indicating that the proposed ap-
proach is nearing recommended performance for gait as-
sessment.

4.2.2. Spatial Parameters
Figure 2 reports the accuracy and precision of the estimated
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 thresh-
olds are inherently application-dependent. Nevertheless,
the proposed method shows strong association with the
reference, with Pearson correlation coefficients >0.87 for
walking speed, total distance, and stride length (Figure 2).

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 per-
formance comparable to existing vision-based gait analysis
approaches, despite operating in unconstrained, real-world
settings with a moving observer [51, 59].

4.2.3. Discussion and Limitations
Overall, these results are encouraging given that they were
obtained in an unconstrained, hands-free setting without
subject instrumentation or calibration. The observed agree-
ment with prior vision-based gait analysis studies suggests
that the proposed approach may similarly meet minimal de-
tectable change thresholds [16, 40]. A detailed analysis
of how walking environment, terrain slope, observer view-
point, and viewing distance influence measurement errors
is provided in [5]. This analysis can expose limitations of
current monocular motion reconstruction 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. Sec-
ond, 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 [2, 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 underly-
ing pose estimation and gait event detection methods have
been validated on diverse populations, suggesting broader
applicability [4, 13, 17, 21, 65]. Finally, although smart
glasses were used here, the approach could generalize to
any mobile device.
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5. Nymeria-Gait Dataset Construction and
Statistics

Overview: Figure 3 illustrates the Nymeria-Gait setup. It
shows example egocentric observer views across diverse en-
vironments and lighting conditions, as well as synchronized
3D skeletal motion from the motion capture suit.

Dataset: Table 5 summarizes the data modalities avail-
able in the Nymeria dataset [38], distinguishing between
those captured by the observer, participant, and other
sources of information. The modalities highlighted in red
are those specifically used in Nymeria-Gait.

While Nymeria-Gait is primarily concerned with gait
analysis from the observer’s perspective, the dataset in-
cludes additional modalities that may enable alternative
gait-related applications, such as participant-centric gait
analysis.

Nymeria-Gait consists of 908 walking sequences from
54 participants in both indoor and outdoor environments,
covering a total of 7,890 meters and spanning 142 minutes.

Table 2 summarizes participant demographics and an-
thropometric measurements. Table 3 summarizes the
dataset’s composition, such as sequence count, duration,
and distance covered. Finally, Table 4 shows gait character-
istics, environmental conditions, and scripted interactions.

Statistic Value

Total Participants 54

Total Locations 10

Demographic
Male 26
Female 28
Age 18-24 10
Age 25-30 10
Age 31-35 12
Age 36-40 11
Age 41-45 7
Age 46-50 4

Anthropometric
Avg Height (cm) 168.26
Avg Weight (kg) 68.89

Table 2. Summary of participant statistics.

Statistic Value

Total Sequences 908
Total Frames 256,413
Avg Frames per Sequences 282.39

Time
Total (minutes) 142
Indoor (minutes) 39
Outdoor (minutes) 102

Distance
Total (m) 7,890
Indoor (m) 2,397
Outdoor (m) 5,492

Table 3. Summary of dataset sequence characteristics.

Statistic Value

Gait
Events 26,685
Cycles 11,437

Environment
Indoor Sequences 377
Outdoor Sequences 531

Slope
Flat Sequences 771
Up Sequences 86
Down Sequences 51

Scripts
S2 Where is X 22
S16 Simon says 34
S18 Hike 16
S19 Fresh air 36

Table 4. Summary of motion and environmental factors.

Participant Selection: The Nymeria dataset includes 20
scripts designed to capture a wide range of daily activities
in both indoor and outdoor settings. We conducted a thor-
ough review of the entire dataset and identified participants
who had at least two recordings, one in an outdoor script
(Fresh Air or Hike) and one in an indoor script (Simon Says,
Where is X). These scripts were chosen because they natu-
rally include walking sequences, such as navigation, object
search, and verbal instructions (details in Tab. 6).



Figure 3. Overview of Nymeria-Gait: example egocentric observer images (top) illustrating environmental and viewpoint diversity, and
synchronized 3D skeletal motion from the participant (bottom) captured using an inertial-based motion capture suit.

Data Type Observer Participant Additional

RGB Video (30 FPS) ✓ ✓

Grayscale Video (30 FPS) ✓ ✓ (Used for Global Alignment)
Eye Tracking (10 FPS) ✓ ✓

IMU Motion Data (1 kHz) ✓ ✓ (Right: 1 kHz, Left: 800 Hz)
MiniAria Wristbands (10 FPS) ✓

3D Skeletal Motion (240 Hz) ✓ (XSens Motion Capture)
SLAM Trajectory (6DoF) ✓ ✓ (Wristband + Glasses)
Parametric Human Model ✓ (Derived from XSens)
Magnetometer (10 Hz) ✓ ✓ Not in wristbands
Scene Point Clouds (Global Alignment) ✓ ✓ (Generated via SLAM)
Demographic data ✓

Table 5. Available Data Modalities in the Nymeria Dataset. Red are the one we use in the framework

Scenario ID Name Description

S2 Where is X Searching for misplaced objects in a home environment; includes direction
changes, varied speeds, and environmental interaction.

S16 Simon Says Task-driven walking based on verbal instructions (e.g., carrying groceries, mea-
suring furniture); includes turning, stopping, and accelerating.

S18 Hike Walking on both flat and hilly outdoor trails; includes varied terrain slopes.
S19 Fresh Air Recreational outdoor activities including walking, jogging, and light sports.

Table 6. Scenario descriptions



Figure 4. Nymeria-Gait

Dataset Camera Type 3D Skeleton Gait Dataset Gait Pipeline Indoor Outdoor Participants

TUM-GAID [26] Fixed Monocular ✓ ✓ 305
CASIA [8] Fixed Multiview ✓ ✓ 124
PKU-HumanID [62] Fixed Multiview ✓ ✓ 18
GAVD [44] Fixed Monocular ✓ ✓ 300+
Human3.6M [28] Fixed Multiview ✓ ✓ 11
GPJATK [34] Fixed Multiview ✓ ✓ ✓ 32
MoVi [19] Fixed Multiview ✓ ✓ ✓ 90
3DPW [58] Monocular Mobile ✓ ✓ ✓ 7
EMDB [30] Monocular Mobile ✓ ✓ ✓ 10
EgoBody [66] Egocentric ✓ ✓ 36
Nymeria-Gait (ours) Egocentric ✓ ✓ ✓ ✓ ✓ 54

Table 7. Comparison of motion datasets.

Table 8 provides participant metadata, including gender,
age group, weight, height, and recording location, along
with the total indoor and outdoor video duration for each
participant.

Sequences: Each selected participant’s observer video
was manually inspected to identify sequences in which the
participant walked while remaining entirely visible with
minimal occlusion allowed. Walking sequences were care-
fully segmented to ensure that they included at least two
full gait cycles (mid-stance to mid-stance). Each sequence
was then annotated with the observer’s perspective (back,
side, front, or combined), environment type (indoor or out-
door), terrain slope (flat, up, or down), and trajectory pattern

(straight, turn, backward or combined).
Selected frames were then undistorted and devignetted

using Project Aria Tools, ensuring a consistent pinhole pro-
jection. Additionally, synchronized observer SLAM trajec-
tories and 3D skeletal reference motion were extracted (Fig-
ure 4)

To account for potential occlusions caused by undistor-
tion, all processed sequences were reassessed, and an anno-
tation was added to indicate whether the participant’s feet
were still fully visible.

Segmented sequences and annotations were stored in a
structured JSON format. Additionally, a separate JSON file
tracks excluded sequences where foot occlusion occurs after
undistortion.



Fake Name Gender Age Group Weight (kg) Height (cm) Location Indoor Time (s) Outdoor Time (s)

douglas martin Male 41-45 68.0 175.0 Loc BX 155.90 133.50
debra melton Male 31-35 59.0 155.0 Loc BX 177.20 115.30
scott hutchinson Male 18-24 73.0 174.0 Loc BX 38.40 232.70
philip morales Female 31-35 67.0 165.0 Loc BX 34.30 293.70
angela gomez Female 31-35 59.0 168.0 Loc BX 42.90 442.00
ethan jacobson Male 25-30 69.0 175.0 Loc BX 77.80 221.80
stacey lamb Male 41-45 83.0 183.0 Loc BX 97.40 505.40
austin lopez Female 36-40 89.0 166.0 Loc BX 128.70 139.60
tamara gibbs Female 18-24 59.0 162.0 Loc BX 10.40 0.00
stephanie arnold Female 36-40 55.0 156.0 Loc BX 82.50 4.00
richard gallegos Female 25-30 75.0 174.0 Loc BX 95.50 643.80
colleen drake Male 36-40 82.0 182.0 Loc BX 9.10 3.30
kevin shaw Male 36-40 68.0 176.0 Loc BX 6.80 135.00
bobby griffith Female 25-30 99.0 161.0 Loc BX 63.90 213.20
andrew taylor Female 36-40 89.0 159.0 Loc BX 161.50 818.10
jessica webster Female 25-30 69.0 167.0 Loc BX 7.80 359.00
jeremy lewis Male 36-40 69.0 166.0 Loc BX 38.10 0.00
justin martin Female 36-40 59.0 162.0 Loc BX 0.00 260.00
suzanne romero Male 18-24 83.0 188.0 Loc BX 77.40 0.00
xavier norris Female 41-45 64.0 155.0 Loc BX 45.70 0.00
tasha lee Female 31-35 52.0 162.0 Loc BX 9.20 33.40
megan mejia Male 18-24 75.0 180.0 Loc BX 38.60 0.00
holly keller Male 18-24 81.0 181.0 Loc BX 78.70 0.00
diane williams Female 31-35 59.0 176.0 Loc BX 69.90 0.00
brady pearson Female 36-40 64.0 163.0 Loc BX 13.40 273.60
patricia gutierrez Male 25-30 97.0 174.0 Loc BX 7.80 0.00
greg clark Male 46-50 88.0 164.0 Loc BX 19.90 0.00
alec meza Female 25-30 59.0 155.0 Loc BX 32.60 356.20
emily farmer Male 18-24 82.0 183.0 Loc BX 4.00 225.80
kurt young Male 46-50 73.0 175.0 Loc 38 20.10 73.20
anthony chen Female 18-24 50.0 163.0 Loc BX 0.00 40.50
michael vargas Female 36-40 59.0 168.0 Loc 42 19.70 16.60
steven vang Female 18-24 49.0 167.0 Loc 42 30.40 4.80
frank hayden Female 25-30 59.0 155.0 Loc 41 19.60 75.90
anna chambers Male 31-35 68.0 191.0 Loc 41 14.90 53.40
randy martin Female 31-35 58.0 158.0 Loc 40 22.10 65.20
logan walton Male 46-50 88.0 164.0 Loc 40 26.30 54.60
dean krause Male 41-45 73.0 172.0 Loc 36 51.70 74.20
jason brown Female 41-45 67.0 165.0 Loc 36 61.20 19.10
angela garcia Female 18-24 46.0 149.0 Loc 36 5.00 14.00
stacie cross Male 41-45 62.0 159.0 Loc 35 70.70 3.30
arthur byrd Male 46-50 88.2 164.0 Loc 35 6.10 9.50
alicia drake Male 31-35 60.0 180.0 Loc 35 62.80 2.00
shelley jones Female 36-40 62.0 158.0 Loc 33 28.70 6.80
amy rosales Male 31-35 62.0 160.0 Loc 35 55.20 2.40
lucas flores Female 31-35 67.0 170.0 Loc 33 29.50 19.80
johnathan good Female 31-35 65.0 171.0 Loc 33 10.30 49.90
daniel kim Female 31-35 69.0 167.0 Loc 33 107.50 108.20
kirk flowers Male 18-24 70.0 168.0 Loc 31 39.80 3.40
corey coleman Female 25-30 61.0 157.0 Loc 31 8.90 12.40
ashley reyes Male 41-45 69.0 169.0 Loc 31 11.20 15.10
glenn richardson Male 25-30 70.0 170.0 Loc 31 19.80 0.00
david vega Female 36-40 66.0 181.0 Loc 31 12.80 6.10
clayton bradley Male 25-30 64.0 178.0 Loc 32 23.40 21.70

Table 8. Participant metadata including gender, age group, weight, height, recording location, and total indoor/outdoor video time.



6. Method Evaluation and Selection

This appendix reports additional experiments conducted
to select a representative state-of-the-art configuration for
observer-egocentric gait analysis. We show here two
monocular human motion reconstruction methods, WHAM
[48] and TRAM [60], and several variants that differ in their
use of camera motion estimation. These experiments are
used solely to motivate the method choice adopted in the
main paper, not to establish a comprehensive benchmark.

6.1. Methods
6.1.1. Preprocessing:
For the comparison of the state-of-the-art monocular 3D
pose estimation models, we first selected participants from
the Nymeria-Gait dataset who executed the HIKE sce-
nario at location loc BX. In this scenario, participants hike
through the woods on various trails, including both easy flat
paths and moderately hilly terrain. HIKE is especially rel-
evant for the model comparisons because this scenario pro-
vides continuous gait sequences over long periods of time
and it is the only scenario with sequences involving both
uphill and downhill walking. These variations contribute to
the study’s novelty, variety, and importance by considering
realistic and diverse gait conditions in addition to simple flat
walking.

After selecting the sequences, we used a two-stage filter-
ing process to ensure evaluation consistency. First, we ex-
cluded any sequences with foot occlusions in the observer’s
video because our goal is to evaluate model precision under
normal conditions rather than robustness to occlusion. By
removing these cases, we ensure that model performance
is evaluated without any additional confounding variables.
Second, we removed sequences in which any tested method
failed to produce outputs for 100% of frames, ensuring
that all approaches were tested under the same conditions.
These filtering steps remove sources of variation unrelated
to model accuracy.

This results in a final evaluation dataset of 9,223 events
and 3,952 gait cycles for analysis among the 28 identified
participants for the present model comparisons.

6.1.2. Evaluation Setup:
Evaluation Metrics: Temporal Gait Errors: We evaluate
the accuracy of heel strike and toe-off detection (ETE, in
ms) and the event detection rate (DR, in %), which mea-
sures how frequently estimated gait events match reference
events. Using these detected events, we calculate errors in
stride time (ETE), stance time (StTE), swing time (SwTE),
and double stance time (DSE) in milliseconds.

Spatial Gait Errors: We evaluate stride length (SL) and
walking speed errors in absolute terms (m and m/s, respec-
tively), while total distance traveled errors are reported as a

percentage of the reference total distance to normalize vari-
ations across sequences.

Trajectory Accuracy: We use Root Trajectory Error
(RTE, in%), as described in previous work ([48, 60]). RTE
quantifies the differences between estimated and reference
trajectories following rigid alignment without scaling.

Comparison of Methods: Nymeria-Gait offers a frame-
work for evaluating monocular 3D pose estimation in cam-
era and world coordinates. TRAM’s VIMO model and
WHAM using VitPose ([64]) (WHAM(ViT)) use the cam-
era coordinate system to assess pose reconstruction accu-
racy and temporal gait consistency without requiring global
positioning.

To analyze trajectory estimation strategies, we evalu-
ate five variations of methods for reconstructing motion in
world coordinates (Figure 5). TRAM and VIMO-ARS
use Masked DROID-SLAM [52] with scale estimation and
Aria SLAM, respectively, to reconstruct global motions.
WHAM uses DPVO [53], whereas WHAM-ARAV refines
angular velocity using Aria SLAM. WHAM-ARS replaces
WHAM’s trajectory refinement network with Aria SLAM
camera poses to enable direct world-space alignment.

Figure 5. Variations of methods for reconstructing motion in world
coordinates.



Method ETE DR STE StTE SwTE DSE

VIMO 10.2 ± 47.9 94.6 -0.9 ± 47.2 -43.0 ± 61.6 42.1 ± 61.2 -44.7 ± 57.1
WHAM (VIT) 8.8 ± 38.7 94.7 -0.3 ± 43.0 -3.8 ± 48.1 3.6 ± 45.9 -4.2 ± 43.7

Table 9. Evaluation of event-related gait analysis metrics. Ordered by Event Timing Error (ETE). Metrics: ETE (Event Timing Error,
ms), DR (Detection Rate, %), STE (Stride Time Error, ms), StTE (Stance Time Error, ms), SwTE (Swing Time Error, ms), DSE (Double
Support Error, ms). The table presents the mean and standard deviation for each metric.

Method Speed Distance SL RTE

TRAM 0.38 ± 0.43 37.8 ± 43.4 156 ± 454 12.7
WHAM -0.01 ± 0.15 -1.9 ± 16.3 -21 ± 232 4.2
WHAM-ARAV -0.01 ± 0.15 -1.8 ± 16.2 -21 ± 232 4.2
VIMO-ARS -0.03 ± 0.04 -2.8 ± 4.1 2 ± 97 1.0
WHAM-ARS -0.03 ± 0.04 -3.2 ± 3.5 0 ± 83 0.8

Table 10. Evaluation of different methods based on gait parameters, including Speed (m/s), Distance (%), Stride Length (SL, in mm), and
Relative Trajectory Error (RTE, in %). The table presents the mean and standard deviation for each type of error.

6.2. Results and Ablation Study
Our results are designed as an ablation study to isolate the
role of SLAM in gait estimation accuracy. We compare
WHAM and TRAM with and without glasses’s SLAM inte-
gration to determine how it affects trajectory accuracy and
gait metrics.

6.2.1. Quantitative Results:
Table 9 compares event-based gait analysis between
WHAM(ViT) and TRAM’s VIMO models, using the cam-
era coordinate system. Metrics include detection rate (DR),
event timing error (ETE), and timing errors for stride,
stance, swing, and double support phases.

Table 10 assesses spatial gait parameters errors for each
method, including walking speed, total distance, stride
length, and Root Trajectory Error (RTE) in world coordi-
nates. Figure 6 focuses specifically on walking speed, illus-
trating the comparison between TRAM and VIMO-ARS, as
well as between WHAM and WHAM-ARS, and highlight-
ing the effect of integrating visual-inertial SLAM from the
glasses.

Environments and Slope:
Nymeria-Gait supports condition-specific evaluation of

model performance under different walking environments
and terrain slopes. Table 11 shows gait parameter errors
(distance and stride length) for each model across five con-
ditions: indoor, outdoor, uphill, downhill, and flat terrain.

6.2.2. Conclusion
Across all evaluated configurations, WHAM-ARS achieved
the most consistent performance across temporal gait
events, spatial gait parameters, and trajectory accuracy.
Based on these results, WHAM-ARS was selected for all
experiments in the main paper. Figure 6. Comparison of speed estimation.



Distance (%) Stride Length (mm)

Models Indoor Outdoor Up Down Flat Indoor Outdoor Up Down Flat

TRAM 43.8 ± 41.0 36.7 ± 45.8 28.6 ± 31.3 32.7 ± 37.9 41.4 ± 48.3 52 ± 499 158 ± 446 9 ± 570 233 ± 344 134 ± 455
WHAM 5.1 ± 12.7 -5.3 ± 15.8 -3.7 ± 14.9 -6.3 ± 14.1 -2.4 ± 16.2 84 ± 202 -37 ± 219 -18 ± 209 -73 ± 215 13 ± 222
WHAM-ARAV 5.1 ± 12.7 -5.2 ± 15.8 -3.6 ± 14.9 -6.3 ± 14.1 -2.4 ± 16.1 84 ± 202 -37 ± 219 -18 ± 208 -72 ± 214 14 ± 222
VIMO-ARS -2.1 ± 4.4 -2.8 ± 2.6 -3.5 ± 2.8 -3.4 ± 2.5 -2.4 ± 3.2 3 ± 77 0 ± 94 -2 ± 106 0 ± 90 2 ± 85
WHAM-ARS -2.5 ± 3.2 -3.8 ± 3.1 -4.4 ± 3.1 -4.3 ± 2.7 -3.2 ± 3.2 0 ± 67 -1 ± 82 -1 ± 92 -1 ± 83 0 ± 74

Table 11. Comparison of different models based on gait parameters across various environments. The table presents the errors (mean and
standard deviation) for distance (in percentage) and stride length (in millimeters) under five different conditions: indoor, outdoor, uphill,
downhill, and flat terrain.
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