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Abstract. This study proposes the application of three methods from
the statistical literature for reconstructing the position of an occluded
marker in Motion Capture (MoCap) data. Specifically, we investigate
the use of Gaussian Process Regression (GPR), the Synthetic Control
Method (SCM), and a Matrix Completion (MC) algorithm. Unlike tradi-
tional gap-filling techniques, which rely solely on the occluded marker’s
time series, these methods exploit relationships between observed and
missing markers to improve reconstruction accuracy. To assess their ef-
fectiveness, we apply these methods to a MoCap dataset comprising 3656
frames of a 3D human body performing approximately 17 distinct move-
ments. A nested k-fold cross-validation framework is implemented using
a selection of markers covering all major body parts. Performance is eval-
uated using the Mean Absolute Error (MAE). Our findings indicate that
all three methods achieve satisfactory reconstruction accuracy, although
computational efficiency varies significantly. The MC algorithm produces
the most accurate results while also being the fastest method, whereas
SCM exhibits the lowest accuracy. Finally, the methods are applied to
real occlusions in the available dataset.

Keywords: Motion capture · Gaussian process regression · Synthetic
control method · Matrix completion.

1 Introduction

Motion Capture (MoCap) is a technique used to record the movement of objects
or individuals and is widely adopted in various fields, including video games,
virtual reality, and medicine [9, 10]. A typical MoCap system consists of syn-
chronised optical cameras that track reflective markers attached to a performer’s
suit. Each camera captures 2D coordinates, which are then triangulated into 3D
space, generating a cloud of unlabelled points per frame. To obtain a structured
representation of movement, a labelling process assigns unique identifiers to these
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points using spatial and temporal heuristics combined with a voting algorithm.
The final output is a time-sequenced recording of labelled markers.

A major challenge in this process is marker occlusion, which occurs when a
marker is obstructed from all or a sufficient number of cameras, causing a loss
of track or ambiguity during triangulation. This can result in the marker either
being misidentified or not being registered by the system at all. Occlusions may
result from various factors, such as self-occlusion (when a body part blocks a
marker) or interference from other markers. To address this issue, some gap-
filling techniques have been proposed for reconstructing missing marker data.
Among these, most commercial MoCap softwares rely on interpolation meth-
ods or Kalman filters (e.g., [4–7,13]), which estimate missing data based on the
observed positions of the occluded marker. While these approaches are com-
putationally efficient and easy to implement, their accuracy deteriorates when
occlusions occur at the beginning of a recording session, persist for extended
periods, or involve complex marker movements [8]. Beyond these approaches,
it is important to acknowledge the existence, also in commercial softwares, of
methods that incorporate mechanical constraints between markers, such as rigid
body relationships and rotational constraints. These methods exploit such con-
straints to fill gaps by utilizing the motion of other markers in the scene. This
is particularly useful in cases where multiple markers are occluded, yet enough
remain visible to allow the system to infer missing data based on the movement
of the rigid body as a whole, preserving the structural integrity of the captured
motion. However, our analysis focus exclusively on uninformed methods.

This study examines the potential of three statistical approaches for recon-
structing missing marker data: Gaussian Process Regression (GPR) [11], the
Synthetic Control Method (SCM) [1], and Matrix Completion (MC) [3]. Unlike
traditional interpolation and Kalman filtering, which rely solely on the occluded
marker’s time series, these methods exploit the relationships between observed
and missing markers to enhance reconstruction accuracy. To assess their per-
formance, we analyse a MoCap dataset comprising 3657 frames of a 3D human
body performing approximately 17 distinct movements. A nested k-fold cross-
validation is conducted on a subset of fully observed markers, selected to repre-
sent all key body parts (head, arms, hands, trunk, legs, and feet). The methods
are evaluated based on their Mean Absolute Error (MAE). The validation results
indicate that, while all three methods achieve satisfactory reconstruction accu-
racy, MC consistently yields the most precise estimates with the lowest variance,
whereas GPR, despite comparable accuracy, incurs significantly higher computa-
tional costs. SCM, on the other hand, is the fastest method but also results in the
least accurate predictions. Finally, the approaches are applied to real occlusions
in our dataset.

This paper is organized as follows: Sect. 2 presents the data, Sect. 3 introduces
the three algorithms, Sect. 4 illustrates the cross-validation and presents the
related results. Sect. 5 applies the methods to the real occlusions in the dataset.
At last, Sect. 6 concludes and discusses some future developments.
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Fig. 1: Sequential snapshots from the analysed MoCap dataset, illustrating a
subset of different movements performed by the subject.
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2 Data

In the available MoCap dataset4, the recording captures a professional dancer
performing a sequence of dynamic warm-up exercises in a smooth and continuous
manner. In total, the sequence comprises approximately 17 distinct movements,
each lasting around two seconds. A selection of these movements is illustrated
in Fig. 1. The dataset was acquired using the Qualisys MoCap system5, which
tracks marker trajectories with submillimetre precision, enabling accurate mea-
surement of human motion. The recording consists of 3657 frames (captured at
100 frames per second), with each frame storing the spatial coordinates (x, y, z)
of 64 reflective markers. Structurally, this dataset is represented as a 3657× 192
matrix, where each row corresponds to a video frame, and each column represents
a marker coordinate.

To refine the dataset, the final frame - containing 46 occluded markers - is
removed, resulting in 3656 frames. However, occlusions persist throughout the
recording, leaving only 39 fully observed markers. To evaluate the performance of
the three statistical reconstruction methods, a subset of 10 markers is selected
for cross-validation6, ensuring coverage of all major body parts. A graphical
representation of the markers, categorised by type (partially occluded, fully ob-
served, and selected fully observed markers for validation), is shown in Figure 2.
Moreover, the spatial coordinates of the markers are normalised so that each
axis of the recording space ranges from 0 to 1 after normalisation.

Fig. 2: Visualization of the 64 body markers recorded in the MoCap video. Left:
markers without (green) and with (red) occlusions. Right: Markers selected for
cross-validation (blue), which form a subset of the non-occluded markers (the
remaining non-occluded markers are highlighted in green).

4 Details are omitted in the first review round, due to the double-blind review process.
5 https://www.qualisys.com/.
6 Details on the specific cross-validation process are reported in Sect. 4.
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3 Methods

This section provides a brief overview of the three methods proposed for re-
constructing the position of an occluded marker: GPR, SCM, and an MC algo-
rithm. Among existing MC techniques, we adopt the nuclear norm minimization
approach proposed by [3], as it efficiently addresses non-random missing data,
integrates fixed effects to improve estimation accuracy, and overcomes the com-
putational limitations of fixed-rank methods. Moreover, while SCM and this form
of MC were originally developed for counterfactual analysis, we show that they
can be effectively adapted to the problem of missing marker position reconstruc-
tion. As for the implementation of the methods, the sklearn.gaussian_process
module in Python was used for GPR, the Synth package in R was employed for
SCM, and the MCPanel package in R7 was used for MC.

Gaussian Process Regression (GPR) [11]. GPR is a Bayesian method
that models a function f(x) as a Gaussian Process (GP) characterized by a
mean function m(x) and a covariance function (kernel) k(x,x′). Given training
data {(xi, yi)}ni=1, where x are predictor variables and y is the target (one specific
choice of target among the three normalised coordinates of an occluded marker,
that we aim to predict), GPR assumes:

f(x) ∼ GP (m(x), k(x,x′)) . (1)

A posterior distribution is computed by conditioning on observed data, allowing
for uncertainty quantification in predictions.

Synthetic Control Method (SCM) [1, 2]. SCM constructs a synthetic tra-
jectory for an occluded marker as a weighted sum of observed marker trajecto-
ries. Let yt be the normalised coordinate of interest for the occluded marker at
time t, and let xt be the corresponding column vector of predictors (normalised
coordinates of non-occluded markers). SCM estimates:

ŷt = x⊤
t w

∗. (2)

The weight column vector w∗ is selected in such a way as to minimize the
difference between observed and estimated values by solving a suitable nested
optimization problem.

Matrix Completion (MC) [3]. MC reconstruct missing data by assuming
that the elements in the complete data matrix show some degree of dependence.
Consider a partially observed data matrix M , where the rows represent statisti-
cal units and the columns report the categories of a variable. In our framework,
M ∈ R(3N−2)×T , where the T columns refer to as many frames, the first 3N − 3

7 This package was made available by the authors of [3] via GitHub
(https://github.com/susanathey/MCPanel) and was not available on CRAN at the
time of writing this paper.
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rows refer to the three normalised coordinates of N − 1 non-occluded markers,
and the last row (which is partially observed) refers to the normalised coordinate
of interest for the occluded marker. Then, according to MC, missing entries are
estimated using nuclear norm minimization:(

L̂, Γ̂ , ∆̂
)
= argmin

L,Γ ,∆

{
1

|O|
||PO

(
M −L− Γ1⊤

T − 1⊤
N∆⊤)||2F + λ||L||∗

}
, (3)

where PO(·) selects the subset of observed elements of M , L estimates its low-
rank component, Γ ,∆ account for row and column fixed effects, and 1T and
1⊤
N are column vectors made respectively of T and N ones. The nuclear norm

regularization term λ||L||∗ prevents overfitting and ensures numerical stability.

4 Validation

To evaluate the performance of the three methods described in Sect. 3 for re-
constructing the position of a missing marker, we conduct a series of numerical
experiments in which a single marker is artificially occluded for a sequence of
consecutive frames. To ensure the robustness of the estimation results and pro-
vide a comprehensive comparison of the methods, we implement a nested k-fold
cross-validation strategy that accounts for temporal dependencies in the data.

Each method requires the optimisation of a distinct set of hyperparameters
to achieve accurate predictions. For GPR, the prior distribution of f(x) must be
specified. Considering the data characteristics and computational constraints, we
assume m(x) = 0 and model marker trajectories using a constant kernel com-
bined with a rational quadratic kernel. The hyperparameters of these kernels
are then optimized. In SCM, the hyperparameter to optimize is related to the
weight matrix, which determines the optimal combination of observed marker
trajectories for reconstruction, while for MC, it is the constant λ in the nuclear
norm penalty term. To avoid issues of data leakage and overly optimistic per-
formance estimates that could arise from using the same data for both tuning
and training, we decided to adopt a dataset partitioning into training, valida-
tion, and test sets. The hyperparameters’ tuning is performed by minimizing the
Mean Absolute Error (MAE) on the validation set.

In light of this, the nested k-fold cross-validation employed consists of an
outer loop (with k=17) for model evaluation and an inner loop (with k=5) for
hyperparameter tuning, ensuring robust performance assessment across different
segments of the dataset. The partitioning process is structured as follows:

1. The subject in our MoCap video performs approximately 17 continuous
movements of similar duration. Accordingly, we divide the dataset into 17
folds for the outer loop. To balance fold sizes and ease computation, the last
frame of the video is removed, yielding 3655 frames.

2. In each replication of the outer loop, one fold is designated as the test set,
comprising 215 frames.



Filling gaps in motion capture data 7

3. The remaining 3440 frames are further split into 5 inner folds for hyperpa-
rameter tuning. In each iteration of the inner loop, one fold serves as the
validation set (688 frames), while the remaining four constitute the training
set (2752 frames).

This process is repeated for each of the 10 markers selected for validation, result-
ing in 17 predictions per marker, each spanning 215 consecutive frames, for every
(normalised) coordinate and method. Each coordinate of an occluded marker is
predicted separately, using the three coordinates of the remaining N − 1 = 38
fully observed markers as predictors.

The cross-validation results are presented in Fig. 3, which displays boxplots
of the MAE for each selected marker. No substantial differences emerged in the
ability of the methods to predict the three spatial coordinates. Consequently,
the results are reported collectively across all three dimensions. Moreover, it can
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Fig. 3: Boxplots of the MAE for the 10 selected body markers.

be noticed that the performance is generally poorer for markers positioned on
the hands, whereas for all other markers, the outcome is similar. This pattern is
consistently observed across all three methods, indicating that predicting hand
positions is inherently more challenging.

Overall, all three methods accurately estimate the marker positions along
each axis. However, SCM consistently performs slightly worse than the other
two, exhibiting a higher median MAE and greater variance. The performance of
GPR and MC is comparable, although MC shows lower variance, making it a
preferable choice. Moreover, MC is also a quite fast method, while GPR requires
the highest computational time. Insights on the computational efficiency of each
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method are provided in Table 1, which reports the average computation time
(i,e., the average time for performing the whole nested cross-validation process)
for predicting one spatial coordinate per marker and method. It emerges that
MC is the fastest, followed by SCM, while GPR is significantly slower. This
suggests that MC is not just preferable to GPR in terms of variance, but also in
terms of the lower computational burden.

Table 1: Average computation time (in seconds) required to estimate a single spa-
tial coordinate per marker and method. The computation times were measured
on an Alienware Aurora R16 with an Intel Core i9-14900F 32-core processor and
64GB of RAM, parallelizing the 17 outer folds.

Marker GPR SCM MC
HEAD 1013.48 67.99 28.61
LEFT-FOOT 1045.92 65.57 27.84
LEFT-HAND 1143.85 64.81 44.63
LEFT-KNEE 958.71 63.91 33.99
LEFT-SHOULDER 839.36 68.73 35.36
RIGHT-ELBOW 984.88 66.71 34.61
RIGHT-FOOT 1133.05 63.12 47.15
RIGHT-HAND 1115.73 65.85 52.87
RIGHT-LEG 932.38 61.51 59.35
TRUNK 1014.86 63.26 22.02

5 Application to real occlusions

Since the cross-validation analysis in Sect. 4 indicated that all three methods
effectively reconstruct occluded markers, we apply them to real occlusions in
our dataset. As in the cross-validation scenario, each coordinate of an occluded
marker is reconstructed separately using the three coordinates of the fully ob-
served markers (green points in Fig. 2, left) as predictors.

A graphical summary of the results is provided in Fig. 4, which showcases var-
ious occlusion scenarios to assess method performance under different conditions.
In particular, we consider four representative cases: a single marker occluded for
a short interval (row 1), a single marker occluded for a longer duration (row 2),
multiple markers occluded over a short period (row 3), and multiple markers
occluded over an extended interval (row 4). The figure clearly shows that the
trajectories reconstructed using SCM (red lines) are consistently noisier com-
pared to those reconstructed by the other two methods. In contrast, both GPR
and MC tend to yield smoother, and thus more plausible, trajectories that align
more closely with the natural dynamics of human motion. These observations
are consistent with the cross-validation results.

Between GPR and MC, reconstructed trajectories are often remarkably sim-
ilar - at times nearly indistinguishable. Nevertheless, in certain instances, GPR
appears to capture the dynamics of human motion more realistically. This is
particularly evident in the case of a prolonged occlusion of a foot marker during
a rotational movement of the right leg (row 2), where the trajectory predicted
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by MC lies somewhat between those of GPR and SCM, but appears less smooth
and exhibits unnatural discontinuities. In contrast, GPR produces a continu-
ous and physiologically plausible reconstruction that more accurately reflects
the expected leg movement. To a lesser extent, similar differences emerge in the
hand and arm movements in row 3 of the figure, where multiple finger markers
are occluded for a short period. These findings underscore the importance of
further investigations aimed at better understanding the capacity of the meth-
ods to generalise across movements of varying complexity and occlusion lengths.
Nonetheless, it is important to emphasise that all reconstructed trajectories re-
main physically plausible. That is, for any given frame, each method generates
predictions that are anatomically consistent with the visible body parts and
represent feasible configurations within the natural range of human motion.

6 Conclusions and future developments

In this study, three methods originally developed in statistics have been ap-
plied to the reconstruction of missing markers. While the results are promising,
this work constitutes a preliminary assessment of their potential, and further
investigation is required. One key aspect that warrants closer examination is the
duration of occlusions. Occlusions may persist for varying lengths of time, and
the three algorithms may differ in their ability to predict short and long occlu-
sions. Additionally, the methods may perform differently across various types
of movement, and certain body parts may present greater challenges in marker
reconstruction. These aspects merit further exploration.

A potential avenue for improving the accuracy of these approaches lies in
the more precise selection of predictors for the occluded marker. This would
necessitate a data pre-processing strategy (based, e.g., on clustering [12]) ca-
pable of effectively identifying informative markers to be incorporated into the
specific algorithm. Such an approach could enhance predictive accuracy by re-
ducing information redundancy while also improving computational efficiency.
Furthermore, a comparison with established benchmark methods in the field
would provide valuable insight into whether these techniques could serve as vi-
able alternatives to the commonly used missing marker position reconstruction
methods implemented in commercial MoCap software. As a further research di-
rection, an important question is whether statistically significant differences can
be identified through an appropriately chosen statistical test, taking into account
issues such as the presence, for each method, of a partial overlap of training data
in the construction of its associated 10 boxplots, shown in Fig. 3.
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GPR SCM MC

Fig. 4: Examples of 4 movements (one for each row) characterized by real oc-
clusions in the MoCap dataset (where no MoCap ground truth is available), re-
constructed (in red) by each method (one for each column). Each reconstructed
trajectory is highlighted in red.
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