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System Overview

Labelling, that is, assigning optical markers to the predefined positions on
the body, is a time consuming and labor-intensive postprocessing part of
current motion capture pipelines.
We formulated the single frame labelling and initialization step as a ranking
problem in which markers shuffled by an unknown permutation matrix are
sorted to recover the correct order. The proposed permutation learning
model avoids the need for a manual initialization. Then, in a trajectory
labelling step, temporal consistency is used to correct mislabelled markers.
Our framework can be reliably run in real time and results in a faster,
cheaper, and more consistent data processing in motion capture pipelines.

• The essence of our approach was to frame the problem of single-frame labelling as a permutation learning task where the ordered set of markers can be recovered
by estimating the permutation matrix from a shuffled set of markers.

• Also, we proposed a robust solution to correct the mislabelled markers by utilizing the temporal information where the label with a higher confidence score
is assigned to the whole trajectory.
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1. Preprocessing
Making the array of markers invariant to spatial transformations
namely translation, rotation, and scale.

2. Permutation Estimation
Our approach is data-driven and avoids the need for manual
initialization by formulating automatic labelling as a permutation
learning problem for each individual frame. Towards this end, we
present a permutation learning model which can be trained end-to-end
using a gradient-based optimizer. We relax our objective function by
using doubly stochastic matrices as a continuous approximation of
permutation matrices. During the running phase, each individual frame
is automatically labelled using the proposed permutation learning
model. The result is a sequence of individually labelled frames where
each trajectory might be assigned to multiple labels over time.

3. Trajectory Labelling
We evaluate temporal consistency in the resulting trajectories and use
it to identify and correct the labelling errors that occurred during the
previous stage. To correct for inconsistencies in each marker
trajectory, a score is computed for each candidate label using a
confidence-based score function. Then, the label with the highest
score is assigned to the marker trajectory in a winner-takes-all
scheme.
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Trajectory Labelling

• We propose the use of a continuous distribution over assignments by using
doubly-stochastic matrices (DSMs) as differentiable relaxations of
permutation matrices [1].

• The learning module is the parameterized component which learns the
feature representation outputting an unconstrained matrix.

• Then, Sinkhorn Normalization is used to convert the unconstrained matrix to
a DSM.

• During the running phase, Hungarian algorithm is applied to convert the
resulted DSM to a permutation matrix.

• A winner-takes-all approach is utilized to where a score is computed for each 
label which has been assigned at least once to the marker in the trajectory

• The score for label 𝑖 assigned to the query marker 𝑗 is computed as follows:
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• 𝐶$,/
()) represents the degree of confidence for assigning the label 𝑖 to marker 
𝑗 computed as follows:
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Precision (fraction of correctly labelled markers over labelled markers) vs
Accuracy (fraction of correctly labelled markers over all markers) plotted by
changing the threshold on degree of confidence when no occlusion occurs
(left) and when 2.5 markers are occluded in average.

#Occs
Methods 0 1 2 3 4 5

Ours + Occs 97.11% 96.56% 96.13% 95.87% 95.75% 94.9%
Ours + No Occs 98.72% 94.41% 92.15% 88.75% 86.54% 85%

Ours w/o SN 94.03% 91.12% 88.1% 84.27% 81.62% 77.78%
Maycock et al. [2] 83.18% 79.35% 76.44% 74.91% 71.17% 65.83%
Holzreiter et al. [3] 88.16% 79% 72.42% 67.16% 61.31% 52.1%

Occs Ratio
Methods 0% 2% 4% 6% 8% 10%

No trajectory labelling 97.13% 96.55% 96.17% 95.91% 95.68% 94.82
p = 0, q = 0 95.72% 96.81% 96.55% 96.09% 96.51% 95.43%
p = 1, q = 0 98.77% 98.01% 97.78% 97.32% 97.12% 96.85%
p = 1, q = -1 97.35% 96.51% 96.42% 96.06% 95.89% 94.37%

p = 2, q = -1/2 99.85% 99.54% 99.47% 99.25% 99.07% 98.76%

Results

Results

A comparison of performance of different models in labelling a single
test frame as an initialization step.

The performance of trajectory labelling with different settings of p
and q in our scoring function.
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