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Abstract. Imitation learning from human demonstration often relies
on marker-based motion capture, which restricts data recording to con-
trolled environments. Video-based motion capture presents an alterna-
tive that reduces the recording effort. To compare both, we develop a
novel evaluation framework using four categories of metrics, namely pose
estimation quality, trajectory distance, behaviour separability, and grasp
characterization, applied to three state-of-the-art video-based 3D pose
estimation models in a pick-and-place scenario with parallel recording.
Using this framework, we show that video-based pose estimation using
a depth map captures actions and trajectories well enough for imitation
learning, but high-fidelity movement such as grasping remains beyond
the current capabilities of all evaluated video-based modalities.

1 Introduction and Related Work

As robots are increasingly used in highly dynamic environments, traditionally
programmed behaviours reach their limit in adaptability and thus result in the
development of more dynamic learning pipelines. Imitation learning is one ap-
proach for such a dynamic learning pipeline and is shown to work well in robotic
learning paradigms due to its efficiency in teaching tasks that are hard to ex-
press as reward function in traditional reinforcement learning [7]. The subfield of
imitation learning from human demonstration places a human in the role of the
expert, in which a robot learns how to perform a task by observing the human. To
gather such expert data, current approaches mainly rely on external tools such
as marker-based motion capture or controllers [15]. These tools provide highly
accurate data but restrict recording to controlled laboratory environments. A
potential alternative is video-based human pose estimation, a field of computer
vision that estimates human keypoint locations from RGB or RGBD data, often
from a single camera. This drastically reduces the sensing requirements for a
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(a) Pick-and-place table. (b) Markers and keypoints.
(c) Conceptual layout with
virtual end-effector point.

Fig. 1: Experimental setup.

robotic system and enables imitation learning from human demonstration out-
side of carefully prepared laboratory settings, at the cost of reduced accuracy.
This work’s main contribution is the development of an evaluation framework de-
signed to assess the quality of human pose estimation in the context of imitation
learning. Traditional imitation learning evaluation measures the trained agent’s
behaviour (e.g., task success rate), which introduces confounding variables such
as morphological differences or algorithmic bias. To evaluate the data quality in-
dependently from any single imitation learning technique, we introduce a novel
framework comprising four metric categories: pose estimation quality, trajectory
distance, behaviour separability, and grasp characterization. We utilize marker-
based motion capture as the ground truth, as it is the recognised gold standard
for imitation learning from human demonstration, and apply the framework to
compare it against three distinct video-based motion capture approaches.

2 Study

Pick-and-place is a canonical manipulation primitive that underpins many house-
hold and assembly tasks, making it a representative testbed for imitation learn-
ing. The study design follows the diverse behaviours methodology of Jia et al.
[13], applying the principles of diverse behaviour, multiple demonstrations, vari-
able trajectory lengths, and task variations [13, Chapter 3.2]. The scenario con-
sists of five uniquely shaped blocks, each sorted from one of three fixed starting
positions to a fixed goal position (5 blocks, 15 starting and 5 release positions),
with positions obtained from a previous calibration and marked on the table via
printed outlines (Fig. 1a). The study was conducted with nine participants, each
recording ten sets.

3 Modalities

We implement three video-based and one marker-based motion capture tech-
niques, with temporal synchronisation and a common coordinate frame. We
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adopt the COCO-WholeBody layout [16] (133 landmarks). Targeting a six-degree-
of-freedom robot arm, we track a single arm following Gutzeit et al. [9] using
four keypoints (back, shoulder, elbow, wrist) plus two on the thumb and index
finger to capture the grasp, similar to Ren et al. [21]. A virtual end-effector point
is added between the index finger and thumb (Figure 1c) as a potential robot
target in the embodiment mapping step. Morphological differences between the
marker setup and the keypoint locations (Figure 1b) are taken into account in
the evaluation.

3.1 Marker-Based Motion Capture

The marker-based motion capture uses the Qualisys product suite, which pro-
vides automatic human pose estimation from passive markers and serves as the
ground truth due to its high accuracy. The video-based modalities are translated
into the Qualisys coordinate frame via a static frame constructed from multiple
markers attached to the depth camera.

3.2 Video-Based Motion Capture

All three video-based techniques use data captured via a ZED stereo camera.
Direct 3D Pose Estimation: End-to-end models map an image to 3D co-

ordinates, avoiding erroneous intermediate steps but remaining susceptible to
background and environmental variations, and the vast solution space makes sub-
optimal solutions likely [20]. We use RTMW [14] with the RTMDet bounding-box
detector [18], processing each frame independently.

Depth-Camera-Based 3D Pose Estimation: Mapping 2D keypoints to 3D via
the per-pixel depth value is affected by occlusions, since the estimate is placed
on the occluding object rather than on the body [5, 6]. Even without occlusion,
a small offset occurs as the estimate sits on the body surface. We implement the
naive 2D-to-3D projection using the 2D version of RTMW [14] with RTMDet
[18]. To our knowledge no pose-refinement model with the COCO-WholeBody
layout exists, and the naive approach performs adequately for this study.

Pose-Lifter-Based two-stage Pose Estimation: Pose-lifting lifts independent
2D keypoints to 3D without an external depth reference, extrapolating the depth
axis from a single view. The 2-stage pipeline [12] builds on accurate 2D keypoint
estimators. We adopt the PAFUSE model [22], which extends pose-lifting to the
COCO-WholeBody dataset.

4 Data Collection

Data Synchronisation: The marker- and video-based pipelines are synchronized
via nearest-neighbor down-sampling of the high-frequency marker timestamps
to the low-frequency video timestamps, resulting in a negligible synchronisation
error of ∆tsync ≈ 2.6± 0.15 ms.
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Coordinate Transform: Pose estimation models output either person-centric
or camera-centric coordinates. Most models without a depth reference are person-
centric, but imitation learning requires a common coordinate system for pose and
object. We bridge this gap with a Perspective-n-Point (PnP) projection from the
estimated 2D image keypoints to the 3D object keypoints, yielding the camera
pose relative to the person-centric output. PnP only needs RGB and a calibrated
camera intrinsic K but is sensitive to calibration errors and 2D–3D mismatches.
We therefore also implement a second approach that aligns the model output
with the depth-map output via procrustes analysis [1, 8], combining the advan-
tages of both modalities since the model output handles occlusions better than
the depth map.

5 Evaluation Metrics

The primary contribution of this work is a set of human pose estimation data
quality metrics decoupled from any single imitation learning algorithm. Tradi-
tional metrics measure whether an agent has learned the intended behaviour [13,
19], but they confound the algorithm and the record- and embodiment-mapping
steps [3]. We instead evaluate the data on qualities that are generally important
for imitation learning without committing to a particular technique.

Pose Estimation Quality: The most common metric, the Mean Per Joint Po-
sition Error (MPJPE ), cannot be used here due to the morphology differences,
but we include its derivatives MPJVE and MPJAE (velocity and acceleration).
Since embodiment mapping (e.g., inverse kinematics) reduces the impact of key-
points other than root and end-effector, we additionally consider the velocity
error of the virtual end-effector point and the coefficient of determination R2

speed

for the velocity difference [17]:

R2
speed = 1−

∑
i ∥vmarker(i)− vvideo(i)∥2∑

i ∥vmarker(i)− v̄marker(i)∥2
(1)

where vmarker and vvideo are the combined velocities in the x- and y-direction.
Bone length deviation ∆L measures temporal consistency, as it should not vary
across time. Due to the morphology differences we report the per-technique stan-
dard deviation and test whether the video-based deviation is significantly larger
than the ground truth via a one-sided Wilcoxon signed rank test [25].

Trajectory Comparison: End-effector trajectories incorporate both path and
velocity information. The static offset due to the morphology difference is re-
moved via an initial spatial transform aligning the modalities at the first frame of
each video [24]. The distance is measured both as the root mean square distance
and as a normalized dynamic time warping [24], capturing the spatio-temporal
and spatial relationships, respectively. We additionally compute the distance
correlation dCor [23] and the trajectory accuracy R2

trajectory [17]:

R2
trajectory = 1−

∑
i ∥pm(i)− pv(i)∥2∑
i ∥pm(i)− p̄m(i)∥2

(2)
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where pm and pv are the marker- and video-based end-effector positions. R2
trajectory

captures both path and velocity differences, while dCor, due to its double nor-
malization [23], captures only the path correlation.

Behaviour Separability: This metric quantifies how well an agent could dis-
tinguish different actions an [13]. Behaviour distinction is captured by the end-
effector position at the moment of grasping a block. We fit a K-Means clustering
on the per-participant 2D end-effector positions projected onto the table plane
at the grasping frame, and compare the predicted cluster labels against the
true block labels, with a confidence interval from the bootstrapping approach of
Champagne et al. [4].

Grasp Characterization: We use three metrics. The first is the 2D-plane dis-
tance from the end-effector to the closest point on the relevant shape outline at
the grasping frame, tested against the marker-based modality via a two-sided
Wilcoxon signed rank test [25]. The second is the target position error RMSEpos

[17], the RMSE of the L2-norm between marker- and video-based end-effector
positions at the grasping frame. The third is the approach-vector angle error ∆α,
where the approach vector is orthogonal to the index-thumb vector and directed
from the wrist toward the end-effector.

6 Results and Discussion

Full results are in Table 1.
Pose Estimation Quality: The depth-based approach captures the ground

truth best and is the only modality whose velocity and acceleration metrics
would make it usable for imitation learning. The pose lifter has the smallest
bone length deviation ∆L, likely due to soft-tissue artifacts on the marker side
[10, 2]. PnP projection markedly degrades the speed accuracy of the direct and
pose lifter estimations, as it assumes a 2D-3D correspondence that does not

Table 1: Comprehensive experimental results for all modalities. Metrics marked
n.a. are not applicable to the specific evaluation, while / indicates values exceed-
ing the display range.

Pose Estimation Quality Behaviour Separability

Pose End-Effector Bone Var. (cm)

Modality MPJVE (m
s ) MPJAE ( m

s2 ) Vel. Acc. (m
s ) Speed Acc. ∆L (cm) p-value Mean Acc. CI95%

Marker-based n.a. n.a. n.a. n.a. 0.28 n.a. 0.98 [0.89, 1.00]
Depth mapping 0.143± 0.049 1.089± 0.424 0.081± 0.045 0.75 0.45 0.027 0.94 [0.85, 1.00]
Pose Lifter (raw) 0.290± 0.048 1.472± 0.275 0.336± 0.143 0.26 0.19 0.844 0.67 [0.53, 0.82]

+ PnP projection 0.345± 0.119 2.556± 0.941 0.296± 0.232 −4.45 n.a. n.a. 0.69 [0.56, 0.82]
+ procrustes analysis 0.164± 0.046 1.244± 0.407 0.116± 0.068 0.30 n.a. n.a. 0.94 [0.82, 1.00]

Direct Est. (raw) 0.516± 0.274 3.924± 2.370 0.444± 0.385 −21.12 10.04 0.008 0.55 [0.44, 0.67]
+ PnP projection / / 2.261± 1.575 −554.69 n.a. n.a. 0.57 [0.45, 0.68]
+ Procrustes analysis / / 0.552± 0.388 −20.67 n.a. n.a. 0.71 [0.56, 0.89]

Trajectory Dist. Trajectory Similarity Shape Proximity Grasp Metric

Modality RMSElsed (cm) dtwnorm (cm) R2 dCor Mean (m) p-value Distance (m) Angle

Marker-based n.a. n.a. n.a. n.a. 0.007 n.a. - -
Depth mapping 4.26 1.06 0.879 0.933 0.032 0.0039 (0.064± 0.023) 35.61◦

Pose Lifter (projection) 17.89 2.23 -1.165 0.956 0.367 0.0039 (0.442± 0.194) 34.76◦

Pose Lifter (procrustes) 6.10 1.28 0.766 0.988 0.031 0.0039 (0.069± 0.023) 36.30◦

Direct Est. (projection) 87.21 4.89 -56.653 0.752 0.661 0.0039 (0.754± 0.508) 53.49◦

Direct Est. (procrustes) 13.08 1.86 -0.275 0.94 0.075 0.0039 (0.120± 0.067) 53.63◦
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hold here. Procrustes alignment improves the result mostly by averaging with
the depth-map error.

Trajectory Distance: The RMSElsed of the depth mapping is comparable to
state-of-the-art MPJPE ≈ 5cm [14, 22, 11], while the two state-of-the-art mod-
els suffer from the coordinate system translation. R2

trajectory is adequate only
for depth mapping. dCor is satisfactory for all modalities except the projected
direct estimation, and notably exceeds depth mapping for the pose lifter, indi-
cating that the path is well described once offset and velocity inconsistencies are
removed. An imitation learning agent could thus learn a close representation of
the trajectories from depth mapping and aligned pose lifter outputs.

Fig. 2: Mean accuracy and 95% CI of bootstrapped K-
Means clustering.

Behaviour Separa-
bility: Figure 2 shows
that the marker-based
and depth mapping
approaches both score
near the maximum,
demonstrating that the
end-effector estimation
is accurate enough to
distinguish actions a.
The pose lifter and di-
rect estimation reach
satisfactory accuracy
only when aligned with
the depth map via
procrustes analysis. Their raw and projected variants remain too noisy.

Grasp Characterization: The marker-based approach reaches a mean end-
effector to shape distance of about 7 mm, against 3.2 cm for the depth mapping,
in line with state-of-the-art MPJPE of ≈ 5 cm. The best end-effector position
error is ≈ 6.5 cm with an angle error of ∼ 36◦. Such an end-effector distance
would likely prevent an imitation learning agent from properly grasping the
objects.

Conclusion: Depth-based estimation is a viable alternative to marker-based cap-
ture for trajectory-heavy imitation, but the evaluated video-based modalities
cannot yet represent fine-grained tasks. The limiting factor is not pose estima-
tion accuracy alone but also coordinate system and temporal consistency. Future
work should explore depth-aware pose lifters or hybrid imitation and reinforce-
ment learning, and extend the framework beyond this controlled-lab scenario.
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