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HIGHLIGHTS

« Reflective markers introduce bias in pose estimation model training.
» Standard approaches will fail in marker-free clinical settings.
« Inpainting bridges the gap to markerless clinical analysis.

ARTICLE INFO ABSTRACT

Keywords: The quality of dataset annotations used to train markerless motion capture models is crucial for obtaining reli-
Markerless motion capture able joint center estimations from videos. Because manually annotated datasets such as COCO are unsuitable for
Markers inpainting biomechanical applications, a common recommendation is to use videos synchronized with marker-based MoCap

Deep learning datasets. In these systems, reflective markers are placed on the skin surface, ideally on bony landmarks, and are

then tracked by optical cameras to obtain highly accurate joint center annotations. While previous studies have
suggested that visible reflective markers on images could bias model training, this effect has not been formally
demonstrated. To address this, we used two MoCap datasets: one with 26 subjects each equipped with reflective
markers mounted to rigid bodies, and the second, with 10 subjects with markers placed on bony landmarks. This
allowed us to train pose estimation networks on images having visible markers. The models were then evaluated
on test images with visible and inpainted markers. Our findings showed that when models were evaluated on
images with markers inpainted, pixel position errors increased by +4.7% to +51.1% versus images with vis-
ible markers. This indicates that the presence of markers in training images can affect human pose estimation
algorithms. To still utilize accurate annotations from MoCap, we recommend training on images with markers
removed via inpainting. We also demonstrated that, in that case, the network does not rely on inpainted areas to
estimate joint centers, thus making it a viable solution to the presence of markers in training images.

1. Introduction etal., 2014) and to learn a mapping of these to joint positions. This train-
ing requires many examples with images and corresponding annotations
for joint center positions (Sarandi et al., 2023).

Yet, collecting such a large volume of high quality data can be
challenging (Neupane et al., 2024). This is especially true for specific
populations, such as clinical patients with movement pathologies or elite
athletes, where participant availability is restricted. Furthermore, the ac-
quisition of such data relies on gold-standard motion capture (MoCap)
systems, which require significant financial investment and special-
ized technical expertise to operate. For this reason, many authors (e.g.,

Recent advances in deep learning indicate a promising future for
markerless motion capture (Colyer et al., 2018; Uhlrich et al., 2023).
Whereas traditional methods (referred to as MoCap in this study) rely
on reflective markers placed on the patient to obtain joint center
and/or bony landmark positions (Winter, 2009), markerless approaches
rely solely on images from video cameras to estimate these positions
(Avogaro et al., 2023). In this context, neural networks are trained to
extract features such as edges, colors and textures from images (Zeiler
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D’Antonio et al. (2020); Needham et al. (2021); Stenum et al. (2021))
use models such as HRNet (Sun et al., 2019), OpenPose (Cao et al., 2021)
or RTMPose (Jiang et al., 2023) trained on manually annotated public
datasets such as COCO (Lin et al., 2014).

However, these datasets are not suitable for biomechanical applica-
tions requiring specific movements, such as walking on a treadmill or
performing squats, because they lack annotations for the movements
(Seethapathi et al., 2019; Needham et al., 2021; Colyer et al., 2018;
Wade et al., 2022). Some joint centers may be defined differently than
in MoCap-based systems, or may simply not be provided (Seethapathi
et al., 2019; Needham et al., 2021; Colyer et al., 2018; Wade et al.,
2022). Moreover, as the datasets are manually annotated, it is impossi-
ble to quantify errors in their joint center definitions, unlike traditional
marker-based MoCap systems. To train and validate pose estimation
models with more suitable datasets, marker-based MoCap systems syn-
chronized with video cameras can be used to collect such images with
corresponding joint position annotations (Vafadar et al., 2021; Wang
et al., 2021; Guo et al., 2025).

One limitation inherent in using these setups is that with them,
markers are visible on training images (Hampali et al., 2020; Jatesiktat
et al., 2024). As these markers have a very specific shape and color,
features extracted from networks will most likely contain information
about markers and the model could rely on these features to estimate
joint centers (Hampali et al., 2020; Jatesiktat et al., 2024; Wu et al.,
2023). In a clinical context, the absence of markers could then reduce
the model’s performance.

To circumvent this limitation, some authors (Hampali et al., 2020;
Jatesiktat et al., 2024; Wu et al., 2023) have proposed removing markers
from images when training human pose estimation models. However,
the authors did not directly demonstrate the impact of markers. The
study that has come closest to investigating this impact was conducted in
the context of 6D object pose estimation (Rosskamp et al., 2024) where
it was shown that models trained with visible markers perform worse
on markerless images (images where markers were never present). To
the best of our knowledge, no previous study has demonstrated this for
human pose estimation.

The primary objectives of this study were twofold: first, to quantify
the training bias induced by the visual presence of motion capture mark-
ers on human pose estimation; and second, to determine if inpainting
techniques can serve as a viable way to prevent this bias and main-
tain performance when applied to images with no markers (referred
to as markerless images). We hypothesized that (H1) the presence of
markers in training images significantly degrades model performance
when applied to markerless clinical images. We further hypothesized
that (H2) training models on inpainted images effectively removes this
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bias, allowing for high-precision pose estimation in markerless contexts
without suffering from prediction degradation.

In this study, we focus on 2D pose estimation because most 3D equiv-
alent pipelines rely on predicting 2D joint centers (Neupane et al., 2024;
Wang et al., 2021), adding either a triangulation step (Uhlrich et al.,
2023) or incorporating a 2D-to-3D lifting model afterward (Peng et al.,
2024). Since standard MoCap systems utilize either large rigid bodies
with mounted markers (Fig. 1a) or groups of smaller markers (Fig. 1b),
we anticipate that their varying visual footprints might induce distinct
training biases. We thus conduct experiments on both types of marker
setups.

2. Methods

We first present the steps used to investigate both hypotheses, es-
pecially the dataset collection, the inpainting method and the pose
estimation model selection (Fig. 2A). We then present the methodology
used to evaluate the impact of markers in training images (H1) (Fig. 2B)
and finally the approach used to assess whether predictions from mod-
els trained with inpainted images will deteriorate on markerless images
(H2) (Fig. 20).

2.1. Experimental framework

This section details the common experimental framework used to in-
vestigate both research hypotheses. First, we describe the two datasets
(KKGVideo and RRIS40) which represent distinct marker configura-
tions (rigid bodies and groups of small markers, respectively). Next,
we present the inpainting process, which serves as a testing tool for
the evaluation of H1 and as a training protocol for the validation of
H2. Finally, we describe the HRNet pose estimation model and training
configuration, which remain consistent across all experiments.

2.1.1. Dataset description

KKGVideo dataset — Reflective markers mounted to rigid bod-
ies: Data from 26 healthy adults were collected for this study which
was approved by the Ethics Committee of the Centre hospitalier de
I’Université de Montréal Research Center. The subjects were equipped
with the KneeKG™ system (Emovi Inc., Canada), a reflective markers
mounted to a rigid body system designed to reduce soft tissue artifacts
for gait analysis (Lustig et al., 2012). These groups of markers define
a technical axis system and, combined with a functional calibration
(Hagemeister et al., 2005), allowed us to estimate the three-dimensional
(3D) joint center positions of the hip, knee and ankle joints (Fig. 1a). A
Zed2i™ video camera (Stereolabs, San Francisco, USA) with a resolu-
tion of 1280x720 pixels at 60Hz was synchronized with the KneeKG
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Fig. 1. Position of the rigid bodies (in purple) and group of reflective markers (blue) with regard to 2D joint center annotations (green) for both, the KKGVideo (a)
and RRIS40 (b) datasets. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 2. Overview of the proposed method to answer both research questions. In (1), datasets used for each experiment. In (2), assessment of marker impact during

training. In (3), validation of the inpainting strategy during training.

acquisition system to obtain corresponding images with 3D joint center
positions projected into image space. We also recorded videos of par-
ticipants during the warmup phase, during which they didn’t wear any
markers (referred to as markerless images).

RRIS40 dataset: The RRIS40 dataset (Jatesiktat et al., 2024) is a sub-
set of the RRIS Asian-centric dataset (Liang et al., 2020). Only the test
subset was made available, and consisted of ten participants, 5 males
and 5 females. They were equipped with 40 small, 12.5 mm-diameter
reflective markers (Qualisys, Goteborg, Sweden). The system was syn-
chronized with 8 video cameras (See3CAM 24CUG e-con Systems India
Pvt Ltd, Chennai, India) having a resolution of 1920 x 1200 pixels at
200 Hz. They performed different movements, including torso rota-
tions and squats. To minimize cases where limb markers were occluded,
we relied solely on the frontal camera for each subject. Based on 3D
marker positions, we computed the 3D positions of 12 joint centers (hips,
knees, ankles, shoulders, elbows and wrists) using the method proposed
by (Dumas and Wojtusch, 2018) and projected them into image space
(Fig. 1b).

2.1.2. Markers inpainting

To remove markers from the images, we employed a deep learning-
based technique called inpainting. This generative approach takes an
input image and a binary mask identifying the marker locations, and re-
places these areas with realistic textures of skin and/or clothes such that
the resulting image appears as though the markers were never present
(Suvorov et al., 2022; Xiang et al., 2023). For smaller markers (RRIS40
dataset), their 3D positions from the MoCap system are projected into
image space and a radius based on the markers’ diameters defines the
regions to inpaint (Fig. 3(A).a). For rigid bodies such as the KneeKG,
one bounding box for each element of the system (femoral harness and
both tibial straps) is placed automatically around them based on known
joint center positions (Fig. 3(B).a). These regions to inpaint, represented
by circles for small markers or bounding boxes for rigid bodies, are fed
alongside the original images into the Large Mask (LaMa) inpainting
model (Suvorov et al., 2022). LaMa relies on a convolutional network to
capture the entire context of the image to remove markers from images
(Rosskamp et al., 2024). The available LaMa model was provided al-
ready trained on two databases, namely, Places (Zhou et al., 2018) and
CelebA (Karras et al., 2018), to generate realistic textures of humans
from partially masked images.

2.1.3. Model implementation

Model selection: We chose the HRNet-w48 (Sun et al., 2019) for its
performance on pose estimation benchmarks (Zheng et al., 2023) and its
popularity in the literature (Gozlan et al., 2025). It follows a similar ar-
chitecture to models such as OpenPose (Cao et al., 2021) or ViTPose (Xu
et al., 2022) as it extracts features from images and then estimates joint
centers in image space. Its main difference from previous approaches is
that the latter tend to downscale the image resolution heavily during
this process, while HRNet keeps it at a higher resolution, leading to bet-
ter performance (Sun et al., 2019). This model outputs heatmaps, i.e.,
images where each pixel represents the probability of containing a joint
center. The loss used is the mean-squared error loss between predicted
h and ground truth heatmaps i (Eq. 1) over J joints. Heatmap anno-
tations are created by placing a 2D Gaussian with ¢ = 2 pixels at each
joint position in the image.

Loss = (hj—flj)z (€9)

1 J
74
Weight initialization: The weights of the network (LeCun et al.,
2015) are automatically updated during training to help the pose esti-
mation model learn patterns from images and make optimal predictions.
Two approaches can be found in the literature for model weight initial-
ization. One of them, such as (Cronin et al., 2019) relies on weights
obtained from ImageNet (Deng et al., 2009). The second one leverages
weights from markerless pose estimation datasets such as COCO (Lin
et al.,, 2014), with an example being that of (Guo et al., 2025). The
two approaches differ primarily in their initialization. In the approach
referred to as ‘pose pretraining’, the model is initially trained on a large-
scale, markerless pose estimation dataset (such as COCO). Consequently,
the network has already learned a foundational representation of human
anatomy and joint locations from images without relying on markers.
Conversely, if no pose pretraining is involved, the model starts the learn-
ing process from scratch and might learn to associate visual cues from
markers with joint center positions. The impact of markers and inpaint-
ing can thus vary with the approach (with or without pose pretraining)
used, so we used both approaches for the two datasets.
Hyperparameter search: Hyperparameters are used to control dif-
ferent aspects of the learning process (Bergstra and Bengio, 2012). To
find the best set of hyperparameters yielding the most accurate and
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Fig. 3. Overview of the inpainting method depending on the marker type: single markers from RRIS40 (A) or markers mounted on rigid bodies from KKGVideo (B).

best-generalizing model (in our case, the learning rate, the scheduler
and the model dropout), we performed an optimization using a random
search over the hyperparameter space (Bergstra and Bengio, 2012), eval-
uating each configuration using a three-fold cross-validation (Kohavi,
1995). The selection criterion was defined as the average per-joint pixel
error E,,, between the predicted y and the ground truth y pixel joint co-
ordinates over J joints (Eq. 2). The configuration with the lowest error
was then selected and used to train the final model. The hyperparameter
search was performed for each subsequent model training.

J
=3 Sl

2.2. Marker impact during training (H1)

2.2.1. Model configuration and training

Dataset used: We trained the HRNet model on both the KKGVideo
(with rigid bodies) and RRIS40 (with groups of markers) datasets to pre-
dict joint center positions from images with visible markers (Table 1).
For KKGVideo, we used 16 subjects for training and validation and 10
for testing (with 2700 images per subject). As RRIS40 has only 10 sub-
jects (1000 frames per subject), we employed a leave-one-out strategy
(Kohavi, 1995) to ensure we would have sufficient subjects for evalua-
tion and statistical analysis. Each of the 10 subjects was set aside in turn:

Table 1
Summary of all configurations used for training on both datasets with visible
markers.

Config #  Alias Dataset Visible Pose pretrain
markers on COCO

1 hrnet-kkgvideo kkgvideo v/

2 hrnet-kkgvideo-pretrain ~ kkgvideo v v

3 hrnet-rris40 rris40 v

4 hrnet-rris40-pretrain rris40 v v

the model was trained on the remaining 9 (with 6 used for training and
3 for validation), and testing was performed on the held-out subject.

Models configurations: As described in (Section 2.1.3), the weight
initialization (with or without pose pretraining) can change the impact
that markers have on training images. For each dataset, we trained two
HRNet configurations on images with markers visible: with and without
pose pretraining (Table 1). A hyperparameter search (Section 2.1.3) was
performed for all configurations.

2.2.2. Quantitative evaluation of markers impact

Error comparison: All the four model configurations of Table 1 were
used to estimate joint centers from images of their respective test sets,
which contained only subjects not seen during training. The estimation
was performed on images with visible and inpainted markers. Model
performance was measured using the average pixel error between the
predicted and ground-truth 2D joints obtained with the marker-based
MoCap system, over all test images. We also used the Object Keypoint
Similarity (OKS) (Papandreou et al., 2017), which measures the normal-
ized keypoint overlap, where 0 indicates no overlap between predictions
and ground-truth, and 1 indicates full overlap; higher is better.

Statistical analysis: To assess the differences between errors of
models trained with visible markers (Table 1) on images with vis-
ible and inpainted markers, a three-way repeated measures ANOVA
was performed. The dependent variable was initially calculated as the
mean pixel error between predicted and ground-truth joints per subject
for each experimental condition. When residual diagnostics indicated
non-normality, we instead aggregated the raw data by calculating the
median pixel error. This robustified the dependent variable against
skewed distributions and extreme values, allowing us to apply the
same repeated-measures ANOVA framework while successfully meet-
ing the parametric assumption of normality. The three within-subject
factors were the timestamp (moment in time), the experimental con-
dition (image with markers vs. inpainted images) and the joint. This
analysis aimed to determine whether the error differed significantly
across the different levels of these factors and their interactions. When
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a significant three-way interaction was observed, a two-way repeated
measures ANOVA was performed for each joint level, with the experi-
mental condition and timestamp as factors. Where the timestamp effect
was not significant, comparisons between the two experimental con-
ditions were conducted using a Student’s t-test when the normality
assumption was met, or a Wilcoxon signed-rank test otherwise, to assess
whether the error was statistically higher when markers were inpainted
than when they were visible. Effect sizes for these comparisons were
calculated using Cohen’s d for t-tests and the rank-biserial correlation
(r) for Wilcoxon tests. The significance level was set to p < 0.05 for all
analyses.

2.2.3. Qualitative evaluation of markers impact

If the model trained with visible markers (Table 1) relies on marker
information in images, then it should behave differently on images that
don’t contain markers. To visualize the areas of the image the trained
networks (Table 1) used for their predictions, we employed a Class
Activation Map (CAM) (Zhou et al., 2016) from the last layers of the
network. We compared the CAMs produced on images with and without
markers to assess any differences between these two configurations.

2.3. Inpainting strategy during training (H2)

To use the inpainting to remove markers during training, we needed
to make sure that this process wouldn’t create “hidden patterns” in im-
ages that would bias the model estimation. We thus investigate if a
model trained on inpainted images would perform worse on markerless
images.

2.3.1. Model training

As we only had access to markerless images for the KKGVideo
dataset, we focused on it to investigate the impact of inpainting. We thus
trained an instance of HRNet directly on inpainted images (Jatesiktat
et al., 2024; Rosskamp et al., 2024) from the KKGVideo dataset, lever-
aging pose pretraining from COCO and selected the most generalizing
dataset via hyperparameter optimization. We kept the same subject split
as for the first hypothesis experiments (Section 2.2.1).

2.3.2. Qualitative evaluation of inpainting impact

We took markerless images (from the warmup phase of the KneeKG
acquisition) from 5 out of the 12 test subjects (three males and two
females). For each of these 5 subjects, we selected 4 images at different
moments of their gait cycles and then manually created masks indicating
where the KneeKG would be placed on the leg (Fig. 4). This gave an
inpainted version of the original markerless image. We then used the

markerless image
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model trained on inpainted images to obtain CAMs on both images and
compared them to assess whether the model focused on different parts
of the image.

3. Results
3.1. Assessment of marker impact during training (H1)

3.1.1. Quantitative assessment of the impact of markers in training images

Error comparison. Table 2 reports per-joint pixel errors of both con-
figurations for the model trained on KKGVideo (Table 2a) and RRIS40
(Table 2b) dataset images with visible markers. The evaluation was per-
formed both on images with visible markers and on those with markers
removed via inpainting. Because the distribution of the average per-joint
pixel error was notably skewed for both datasets, we provided the me-
dian and interquartile range (IQR). Since the resulting errors on the
RRIS40 dataset (Table 2b) for left and right joints were close, we av-
eraged both sides to improve the readability of the table. The last row
presents the OKS for each dataset.

Statistical analysis. For all models trained on images with visible
markers (Table 1), the repeated measures of ANOVA indicated a sig-
nificant interaction with joint factors, while no significant effect of the
timestamp was found. Because the normality assumption was not met,
the Fig. 5 presents the results of the comparison between the experi-
mental conditions using Wilcoxon sign rank test for hrnet-kkgvideo and
hrnet-kkgvideo-pretrain configurations. Without pose pretraining (hrnet-
kkgvideo), the median pixel error on inpainted images was higher than
on images with visible markers for the hip (p = 0.002, r = 0.96) and
the knee (p < 0.001, r = 1.00) (see Table 2 for full descriptive statistics;
Fig. 5a). For the model with pose pretraining (hrnet-kkgvideo-pretrain),
both the hip (p = 0.002, r = 0.96) and the knee (p = 0.005, r =
0.89) presented statistically higher pixel errors on images with markers
inpainted (Fig. 5b). The difference between inpainted and marker im-
ages is especially visible on the knee joint center, with an error increase
of +425% (p < 0.001, r = 1.00) without pretraining (hrnet-kkgvideo)
and +40% (p = 0.005, r = 0.89) with the hrnet-kkgvideo-pretrain
configuration.

For smaller markers (namely the RRIS40 dataset), we also report
the Wilcoxon sign rank test because the normality requirements were
not met. In that case, without pose pretraining (hrnet-rris40), we ob-
served statistically higher pixel errors on all evaluated joints when
markers were inpainted (p < 0.010, r > 0.82; Fig. 6a). This led to
substantial error increases, ranging from +17.7% for the elbow to
+178.6% for the ankle. Adding pose pretraining (hrnet-rris40-pretrain)
mitigated these severe degradations, though errors on inpainted images

markerless-CAM

|

—> Inpainting —5=

Manually defined
masks where
KneeKG would be
placed

inpainted-CAM

inpainted-image

Fig. 4. Proposed process to assess whether the CAM of the kkgvideo-inpaint-pretrain model trained on inpainted images differs between markerless and inpainted

images.
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Table 2
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Joint pixel error (median and interquartile range) and OKS (best in bold) on both KKGVideo and RRIS40 datasets.

(a) KKGVideo dataset (markers and rigidbodies)

(b) RRIS40 dataset (small markers groups)

Configuration hrnet-kkgvideo hrnet-kkgvideo-pretrain hrnet-rris40 hrnet-rris40-pretrain
Markers in test images  Visible Inpaint Visible Inpaint Visible Inpaint Visible Inpaint
HIP 8.74(8.39) 16.71 (14.78)  7.24(7.22) 7.65(7.24)  9.54(9.05) 13.14(9.73) 8.98(7.73)  9.27 (7.76)
KNEE 3.26 (2.01) 17.27 (16.36) 2.45 (2.07) 3.42 (2.89) 2.48 (2.33) 4.21 (2.94) 3.64 (3.64) 4.12 (4.11)
ANKLE 4.01(3.71) 4.22(4.14) 3.36(2.95) 3.77(3.03) 1.49(0.78)  3.44(3.05) 2.06 (1.45)  2.88 (2.41)
SHOULDER - - - - 5.59 (3.76)  6.77 (4.92) 5.73(3.23)  5.87 (3.43)
ELB - - - - 4.27 (3.16) 5.08 (4.08) 4.40 (2.71) 4.58 (2.85)
WRIST - - - - 2.50 (2.37)  9.24 (3.82) 2.56 (1.94)  3.13(2.37)
Average 4.39(4.78) 10.50 (15.82) 3.74(4.16) 4.48(4.36) 3.38(4.51)  5.20 (5.86) 4.08 (4.16)  4.57 (4.16)
OKS 0.943 0.758 0.959 0.951 0968 0949 0980 0977

remained statistically higher for the elbows, wrists, knees, and ankles
(p < 0.05, r ranging from 0.64 to 1.00; Fig. 6b). Notably, the error
increase for the hip became non-significant with a small effect size (p
= 0.312, r = 0.20). Finally, while the difference for the shoulder did
not meet the strict statistical threshold (p = 0.053), it still exhibited a
moderate-to-large effect size (r = 0.60).

3.1.2. Qualitative assessment of the impact of markers in training images

Establishing whether the network has learned intrinsic anatomical
geometry or is merely exploiting markers as ’shortcuts’ to estimate joint’s
center positions is fundamental to ensure the reliability of markerless
motion capture in real-world settings. To investigate this, we employ
class activation maps (CAM) to visualize the internal attention of the
hrnet-kkgvideo and hrnet-rris40 models, providing a direct assessment of
the image parts used in the model’s decision-making process (Fig. 7).
Fig. 7(a) presents a comparison of CAM of the hrnet-kkgvideo model
trained on KKGVideo dataset, with visible markers for the knee joint
center prediction. A similar example is shown in Fig. 7(b) with the hrnet-
rris40 model for left wrist prediction. In that case, the model is supposed
to look only at the desired joint, but the lack of markers makes it con-
sider all other joints as represented by the high attention around them
(Fig. 7b). Thus, regardless of whether the image contains groups of mark-
ers or reflective markers mounted to rigid bodies, the network’s attention
is focused on images with markers, but when they are inpainted, the ac-
tivated regions are more broadly spread out and predictions (in blue)
are further from the ground truth (green).

3.2. Validation of the inpainting strategy during training (H2)

Fig. 8 shows a comparison of the CAMs from the model trained on
inpainted images from the KKGVideo dataset, tested on 5 subjects (three
males and two females). In these examples, the CAMs are similar to both
inpainted and markerless images. Similar results can be observed in the
rest of the images.

4. Discussion

The primary goal of this study was to quantify the training bias in-
duced by the visual footprint of motion capture markers in 2D pose
estimation models. Specifically, we aimed to determine if the spe-
cific shapes and colors of markers provide artificial features on which
networks rely instead of learning proper anatomical landmarks. Our re-
sults demonstrate that markers do indeed create a significant training
bias, particularly for markers located near joint centers. Consequently,
both study hypotheses were supported: the presence of markers during
training adversely affected performance when models were applied to
markerless images (H1), and the use of image inpainting to remove these
markers proved to be an effective strategy for maintaining prediction
accuracy in markerless contexts (H2). These findings provide the first
direct evidence in human pose estimation that marker-based artifacts
must be mitigated to ensure the clinical validity of markerless systems.

4.1. Assessment of marker impact during training (H1)

The results indicate a severe performance disparity for models
trained on datasets with visible rigid bodies (such as KKGVideo). Specific
position errors increased significantly on test images with inpainted
markers compared to their visible-marker counterparts, with the knee
joint exhibiting the most pronounced degradation (Table 2 and Fig. 5).
This was expected because the femoral harness is very close to the joint
center (Fig. 1a) and has a distinct blue color, providing an easy way
for the model to estimate the knee. As the KneeKG is also composed of
black elements, such as the tibial plate and both straps that maintain it,
it creates a very distinct contrast, especially on Caucasian subjects, as in
our case. Thus, even simple image processing filters like Sobel (Duda and
Hart, 1973) can extract these elements from the images because they cre-
ate strong gradients (examples in supplementary materials Figure A.9).
Looking at the class activation map (Fig. 7a), it can be seen that when
the model is trained and tested with the harness visible, the network’s
attention is focused on the knee, right below the rigid body. However,
when this marker attachment is inpainted, the attention is more broadly
spread out and spans across both knees, leading to predictions further
from ground truths. This shows that the rigid body helps the network
find the joint position. Adding pretraining from a database such as COCO
helps because it contains many annotated images without markers, and
therefore, the model has to learn to find joint center areas without rely-
ing on markers. Despite the significant reduction in the error provided
by the inclusion of COCO pretraining, errors at the knee are still sig-
nificantly higher on inpainted images compared to images with visible
markers (Fig. 5b), indicating that even if the model was pretrained to
identify joints from a very diverse dataset, the presence of markers dur-
ing training still has a significant impact on it. For other joints, such as
hips and ankles, small differences were found (respectively +6% and
+4.7%) between marker and inpainted images because the joints are
situated further from rigid bodies and are thus less impacted.

When the model was trained on the RRIS40 dataset (group of small
markers), it was observed (Fig. 6) that errors in images with mark-
ers inpainted increase from +17.7% to +178.6% without pretraining
(hrnet-rris40 model; Fig. 6a) on a pose estimation dataset and from
+0.9% to +51.1% when such pretraining is used (hrnet-rris40-pretrain;
Fig. 6b). As for the KKGVideo dataset, the error differs across joints. For
example, joints such as hips and shoulders produce smaller differences,
respectively +0.9% and + 4.8%, between both image types, than other
joints (Fig. 6b). This can be explained by the fact that markers near these
joints were often obscured by clothes. In those cases, the models could
not always rely on features from markers, and thus had to find other
ways to identify the joint centers with contextual information, reducing
the gap between marker-based and inpainted images. The visualization
of the network’s CAMs for both inpainted and marker images (Fig. 7b)
showed that some groups of markers, such as those on the wrist, help
the network identify the joint center. When this group of markers is in-
painted, the network fails to identify the region of the image containing
the wrist. As these markers are smaller than rigid bodies, it could well
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Fig. 5. This figure shows the distribution of the error of the hrnet-kkgvideo and hrnet-kkgvideo-pretrain models trained on images from the KKGVideo dataset with
visible markers and tested on both images with (orange) and without (red) markers. (For interpretation of the references to colour in this figure legend, the reader is

referred to the web version of this article.)

be assumed that they would not impact prediction, but this study proves
the contrary.

4.2. Validation of the inpainting strategy during training (H2)

Learning directly on inpainted images could be a solution, as the
model will not rely on markers to estimate the joint center position, as
explored by authors like (Jatesiktat et al., 2024) and (Wu et al., 2023).
One could argue that modifying the image and replacing some areas

with artificial textures could bias the model, just like markers. The net-
work’s CAM illustration Fig. 8 showed little to no difference between
inpainted and markerless images. Inpainted areas, such as the tibia, do
not show up in CAMs from inpainted images, which means that the
model trained on inpainted images does not rely on inpainted features
to estimate joint centers. This suggests that, unlike images with visi-
ble markers, inpainted images can be used to train a pose estimation
model to process markerless images, such as those found in clinical ap-
plications, without suffering any precision loss. We focused this specific
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KneeKG visible KneeKG inpainted

(a) hrnet-kkgvideo

Markers visible Markers inpainted

(b) hrnet-rris40

Fig. 7. Class activation map visualization for HRNet trained on KKGVideo (a) and RRIS40 (b) respectively with visible markers.
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Inpainted images

Markerless images

Fig. 8. Class activation map on images without markers (left) and the same
image manually inpainted (right) produced by kkgvdeo-inpaint-pretrain model.

validation on the KKGVideo dataset because it offered the unique pos-
sibility of comparing inpainted images against markerless images from
the same subjects. While we expect similar results for the smaller mark-
ers in the RRIS40 dataset, the lack of markerless reference images for
that database prevented a direct quantitative validation of the inpaint-
ing strategy for those specific marker types. This also aligns with the
conclusions by Rosskamp et al. (2024) which showed that predictions
from pose estimation models trained on inpainted images do not degrade
when applied to markerless images.

We only used HRNet (Sun et al., 2019) for the experiment herein
because the vast majority of popular pose estimation models, such as
OpenPose (Cao et al., 2021) and RTMPose (Jiang et al., 2023) follow a
similar approach. First, a backbone is trained to extract features from
images (Goldblum et al., 2025), and then a second part attempts to

Journal of Biomechanics 203 (2026) 113341

estimate joint center positions from these features. We showed that if
markers are visible in images, then a network can extract these features
and use them to estimate the pose (Table 2, Figs. 5 and 6). Because
all these networks follow this image to feature extraction paradigm
(Goldblum et al., 2025) we expect markers to have a similar impact
during training on them as well. Moreover, as most 3D human pose
estimation pipelines rely on the estimation of 2D keypoints from im-
ages (Neupane et al., 2024; Wang et al., 2021), the presence of markers
in training images should most likely have an impact on 3D pose esti-
mation. This could lead to the degradation of computed biomechanical
parameters, as in gait analysis, for example (Sethi et al., 2022).

The present study has some limitations. Firstly, we had limited
population diversity, as the KKGVideo dataset is mostly composed
of Caucasian people and the RRIS40 is an Asian-centric database.
Additionally, both datasets only contain healthy participants with rel-
atively low body fat. Results were drawn from ten test subjects only, for
each marker type, for both single markers with the RRIS40 dataset and
rigid body-mounted markers with the KKGVideo dataset, which consti-
tutes a small sample size. A limitation of this study is reporting spatial
errors in pixels rather than millimeters. Establishing a reliable pixel-to-
millimeter conversion was not feasible, as no physical calibration object
such as a checkerboard was recorded in available videos. Furthermore,
applying a static 2D calibration to monocular video would introduce
severe perspective projection errors due to the dynamic, out-of-plane
depth changes of joints during movement. Therefore, pixel error remains
the most robust metric for evaluating 2D spatial degradation.

The study shows that, as some authors hypothesized (Jatesiktat et al.,
2024; Hampali et al., 2020; Wu et al., 2023), markers in training images
could have an impact on pose estimation models and lead to worse pre-
dictions on images without markers, which is typically the case in a
clinical environment. To date, there is still no consensus on the usability
of markerless systems for clinical exams because of prediction accuracy
concerns and high variability. Further prediction degradation is thus to
be avoided at all costs. We also showed that the use of inpainted im-
ages to train models allows maintaining high performance on markerless
images while benefiting from highly accurate annotations from MoCap
systems.
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