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Figure 1. State-of-the-art 3D human motion recovery methods like GVHMR [45] (top) fail to capture complex 3D foot movement when
given in-the-wild videos. We identify this to be mainly an issue of inaccurate and insufficient video training data. To address this,
we introduce FootMR, a Foot Motion Refinement method that leverages large-scale motion capture data to learn lifting 2D foot keypoint
sequences to 3D. By effectively resolving ambiguities in 2D-to-3D mapping, FootMR (bottom), when combined with an existing 3D human
recovery model, generates realistic and accurate 3D foot motion, significantly outperforming previous work.

Abstract

State-of-the-art methods can recover accurate overall
3D human body motion from in-the-wild videos. However,
they often fail to capture fine-grained articulations, espe-
cially in the feet, which are critical for applications such
as gait analysis and animation. This limitation results from
training datasets with inaccurate foot annotations and lim-
ited foot motion diversity. We address this gap with FootMR,
a Foot Motion Refinement method that refines foot motion
estimated by an existing human recovery model through lift-
ing 2D foot keypoint sequences to 3D. By avoiding direct
image input, FootMR circumvents inaccurate image—3D an-
notation pairs and can instead leverage large-scale motion

capture data. To resolve ambiguities of 2D-to-3D lifting,
FootMR incorporates knee and foot motion as context and
predicts only residual foot motion. Generalization to ex-
treme foot poses is further improved by representing joints
in global rather than parent-relative rotations and apply-
ing extensive data augmentation. To support evaluation
of foot motion reconstruction, we introduce MOOF, a 2D
dataset of complex foot movements. Experiments on MOOEF,
MOYO, and RICH show that FootMR outperforms state-of-
the-art methods, reducing ankle joint angle error on MOYO
by up to 30% over the best video-based approach. Our
code and dataset are available for research purposes at
twehrbein.github.io/footmr-website/.


https://twehrbein.github.io/footmr-website/

1. Introduction

Accurately reconstructing the 3D motion of a person from
monocular video has been a major research problem for sev-
eral decades. The field has advanced substantially in recent
years, and current methods can robustly recover promis-
ing human motion from casual videos. However, while the
coarse body movement is usually reconstructed with high
accuracy, they fail at reconstructing the fine-grained move-
ment of the feet (see Fig. 1). We argue that accurately re-
constructing nuanced foot motion is particularly important
for many applications in sports, medicine, AR/VR, and an-
imation. For example, when capturing the performance of
a dancer, the movement of the feet plays a critical role in
producing detailed and lifelike animation.

Our insight is that previous approaches fail because they
rely on in-the-wild training data with inaccurate 3D foot an-
notations. Such pseudo-ground truth (pseudo-GT) annota-
tions are generated by fitting a parametric body model to
sparse 2D keypoints [9, 20, 28, 30, 37], sometimes com-
bined with IMU data [55]. Although these fitting targets
can constrain the coarse 3D body pose, details of the feet are
often lost because keypoints are typically defined only for
major body joints, extending no further than the ankle. With
only a single keypoint for the ankle, the 3D pose of the foot
is not sufficiently constrained, leading to inaccurate pseudo-
GT fits as shown in Fig. 2. However, training on large-scale,
diverse data is crucial for models to generalize well to dif-
ferent motions and scenes. Another challenge is that exist-
ing 3D human video datasets [14, 15, 36, 55] mainly con-
tain subjects performing everyday activities with very little
foot motion or synthetic humans without shoes [3, 54]. This
limits the ability of models to generalize to complex foot
movements typical of dance, ballet, and sports.

We address these challenges with FootMR, a Foot Mo-
tion Refinement method that refines foot motion estimated
by an existing 3D human motion recovery model. Instead of
directly using images as input, FootMR processes 2D foot
keypoints from an off-the-shelf detector [23]. We use four
keypoints per foot: big toe, small toe, heel, and ankle. Dur-
ing training, we synthetically generate 2D keypoints and
ground truth 3D motion sequence pairs using both large-
scale motion capture and video datasets. By avoiding direct
image input, FootMR completely bypasses the dependency
on inaccurate image-3D foot annotation pairs. Foot artic-
ulation in parametric 3D human body models is primarily
defined by rotations of the ankle joint. Therefore, we train a
model to learn lifting 2D foot keypoint sequences to 3D an-
kle rotations. Because 2D-to-3D lifting is inherently am-
biguous and degenerates when input keypoints are noisy,
we incorporate knee and initial ankle rotations estimated by
an existing 3D human recovery model as additional input
and predict only residual ankle rotations. The knee is the
parent joint of the ankle along the kinematic chain and thus

Figure 2. Erroneous 3D foot annotations in pseudo-GT fits gen-
erated by fitting 3D models to sparse keypoints. Images are from
MPII [2], COCO [31], and 3DPW [55]. Please zoom in for details.

provides information about the space of feasible ankle rota-
tions. Together with leveraging initial ankle estimates and
the temporal motion context, this helps resolving ambiguity
of the 2D-to-3D mapping. To further improve generaliza-
tion to extreme foot poses, FootMR processes global rather
than parent-relative joint rotations. Intuitively, because foot
motion diversity in training datasets is limited, the range
of possible 3D ankle rotations observed during training is
very narrow when using parent-relative rotations. Addition-
ally, we use heavy data augmentation by applying a random
3D rotation to the root orientation of all 3D poses of a se-
quence. This is possible because no images are used for
training FootMR, and the 2D keypoints can be efficiently
synthesized through projection with a virtual camera. With-
out using additional training data or having to meticulously
fix pseudo-GT annotations, FootMR accurately captures in-
tricate 3D motion of the feet (see Fig. 1). The refined ankle
predictions are fused with the remaining body parameters
estimated by a 3D human motion recovery model.

To support evaluation of foot motion reconstruction, we
collect a new dataset with complex MOvements Of the
Feet (MOOF). We record videos of individuals perform-
ing simple body movements with complex foot movements,
e.g., a person sitting on a chair doing ankle circles, and
extend these recordings with dance and ballet videos col-
lected online. In total, MOOF consists of 41 videos with
annotated 2D foot keypoints. Experiments on MOOF and
on the 3D datasets MOYO and RICH demonstrate that
FootMR achieves significantly more accurate foot motion
reconstruction than all competitors.

Our main contributions are summarized as follows:

* We propose FootMR, a method that leverages 2D foot
keypoints to refine 3D foot motion estimated by a human
recovery model.

* We show that 2D-to-3D foot motion lifting works ro-
bustly when using knee and initial foot motion as context.

* We collect MOOF, a new video dataset containing com-
plex foot movements with annotated 2D foot keypoints.

* FootMR generalizes to extreme foot poses and outper-
forms all competitors on MOYO, RICH, and MOOF.



2. Related Work rst 2D foot keypoint dataset was released by Cao et al. [5]
which extends a subset of COCO [31] by labeling three
keypoints per foot: big toe, small toe, and heel. Similarly,

Reconstructing 3D human pose and shape from monoculadin etal. [17] introduced COCO-WholeBody for 2D human
images is most widely formulated as estimating the low- Whole-body pose estimation. Enabled by these datasets, re-
dimensional parameters of a statistical body model [19, 32,cent 2D detectors [16, 23, 65, 66, 68] can accurately and
38, 40, 64]. Pioneering work [4, 10, 11, 49] investigates robustly detect foot keypoints in addition to body keypoints.
optimization-based approaches by tting the body param-  To reconstruct foot keypoints in 3D, previous work [19,
eters to image observations. Starting with HMR [21], di- 76, 77] relies on multi-view optimization using correspond-
rect regression methods based on deep learning becamiag 2D detections. Zhu et al. [76] provide their reconstruc-
the leading paradigm. Many methods follow HMR in us- tions for two existing multi-view datasets [15, 19]. Zhuo
ing a backbone to extract image features followed by a et al. [77] construct annotations for training a human mesh
multilayer perceptron (MLP) that regresses body parame-recovery model, but do not release the annotations or the
ters [12, 30, 39, 62, 74]. Improved backbones [7, 9, 51] model. Relying on multi-view indoor data is very restricting
and better camera modeling [24, 26, 30, 39, 57, 58] playedand leads to a lack of diversity in scenes and actors, limiting
an important role in advancing reconstruction accuracy in robustness of data-driven methods. In contrast, by re ning
recent years. As for all data-driven approaches, anotherfoot motion decoupled from the rest of the body, FootMR
key factor for accuracy and robustness is the availability only requires 2D foot keypoints and can thus leverage large-
of high-quality, large-scale datasets. Since such 3D humarscale motion capture data together with in-the-wild video
datasets, especially in the wild, are dif cult to obtain, pre- datasets without suffering from inaccurate foot annotations.
vious work focuses on generating 3D pseudo-GT annota-During inference, FootMR bene ts from the accuracy and
tions. This is done by tting body parameters to 2D key- robustness of recent 2D whole-body keypoint detectors.
points [9, 28, 39, 61] using SMPLIfy [4], or by ne-tuning Several recentworks [41, 42, 46, 70, 71, 78] focus on the
a pretrained body regressor on the target images using 2Dphysical plausibility of 3D human motion to mitigate arti-
keypoints as weak supervision [20, 30, 37]. Although train- facts such as foot sliding or foot- oor penetration. How-
ing with 3D pseudo-GT annotations is crucial for models to ever, they do not address the accuracy or evaluation of foot
generalize well, we notice that they are often inaccurate for motion reconstruction, which is the focus of this work.

the feet (see Fig. 2) and thus lead to models with good body

but poor foot pose reconstructions. CameraHMR [39] im- 3 Method

proves upon this by using a newly introduced dense surface

keypoint detector to estimate more keypoints for pseudo- Given a monocular video ) g-, of length L, our objec-
GT tting. However, it fails to generalize to extreme foot tive is to recover 3D human motion that is accurate not only
poses not seen during training. Additionally, image-basedfor the body but also for the feet. We adopt SMPL-X [40]
models applied to frames of a video sequence often produceo represent the 3D human body, which consists of J joint
temporally inconsistent body poses and shapes. rotations f 2 R?® gL, , shape parameters 2 R,

Video-based approaches encode temporal informationand translation &> 2 R3gk, inthe camera space. We use
by jointly processing static features extracted from each the continuous 6D rotation representation proposed by [75]
frame. Earlier methods use convolutional [22] or recur- to represent 3D joint rotations. To parameterize foot artic-
rent encoders [6, 25, 34], while transformer architectures ylation, the SMPL-X kinematic tree contains a joint for the
are employed by more recent methods [44, 56, 63]. Evenankle and forefoot. Since the ankle joint has the most in u-
more recently, several approaches [27, 29, 45, 48, 52, 60ence on foot motion, and previous work fails to accurately
69, 72, 73] aim to recover global human motion to handle capture it, we focus on improving motion reconstruction of
arbitrary moving cameras. While producing temporally co- the |eft and right ankles ) 2R26 gt .
herent results and accurate body estimates, all met.ho.ds fall To address the challenge of insuf cient video data with
FO capture complex 3D foot movement; l?ecause' s'lml!ar ©0accurate 3D foot annotations, we decouple the reconstruc-
image-based meth(_)ds, they rgl_y on training data with inac- process. First, a SMPL-X motion estimator is used to
curate foot annotations. Additionally, existing 3D human ¢q4imate 3D human motion including potentially erroneous
video datasets are much more limited in diversity than im- ;,iia| anile rotations. The initial ankle predictions are then
age datasets, typically containing very little foot motion. re ned by our proposed Foot Motion Re nement (FootMR)
method, which utilizes 2D foot keypoints instead of raw im-
ages and thus avoids relying on inaccurate image-3D foot
Most existing human pose datasets provide only minimal annotation pairs during training. An overview of our frame-
foot annotations, limited to the position of the ankles. The work is shown in Fig. 3.

2.1. Monocular Human Mesh Recovery

2.2. Foot Pose Estimation
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