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Figure 1. State-of-the-art 3D human motion recovery methods like GVHMR [42] (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 MOOF,
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 [8, 17, 25, 27, 34], sometimes com-
bined with IMU data [52]. 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 [12, 13, 33, 52] mainly con-
tain subjects performing everyday activities with very little
foot motion or synthetic humans without shoes [2, 51]. 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 [20]. 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 [1], COCO [28], and 3DPW [52]. 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

2.1. Monocular Human Mesh Recovery

Reconstructing 3D human pose and shape from monocular
images is most widely formulated as estimating the low-
dimensional parameters of a statistical body model [16, 29,
35, 37, 61]. Pioneering work [3, 9, 10, 46] investigates
optimization-based approaches by fitting the body param-
eters to image observations. Starting with HMR [18], di-
rect regression methods based on deep learning became
the leading paradigm. Many methods follow HMR in us-
ing a backbone to extract image features followed by a
multilayer perceptron (MLP) that regresses body parame-
ters [11, 27, 36, 59, 70]. Improved backbones [6, 8, 48]
and better camera modeling [21, 23, 27, 36, 54, 55] played
an important role in advancing reconstruction accuracy in
recent years. As for all data-driven approaches, another
key factor for accuracy and robustness is the availability
of high-quality, large-scale datasets. Since such 3D human
datasets, especially in the wild, are difficult to obtain, pre-
vious work focuses on generating 3D pseudo-GT annota-
tions. This is done by fitting body parameters to 2D key-
points [8, 25, 36, 58] using SMPLify [3], or by fine-tuning
a pretrained body regressor on the target images using 2D
keypoints as weak supervision [17, 27, 34]. Although train-
ing with 3D pseudo-GT annotations is crucial for models to
generalize well, we notice that they are often inaccurate for
the feet (see Fig. 2) and thus lead to models with good body
but poor foot pose reconstructions. CameraHMR [36] im-
proves upon this by using a newly introduced dense surface
keypoint detector to estimate more keypoints for pseudo-
GT fitting. However, it fails to generalize to extreme foot
poses not seen during training. Additionally, image-based
models applied to frames of a video sequence often produce
temporally inconsistent body poses and shapes.

Video-based approaches encode temporal information
by jointly processing static features extracted from each
frame. Earlier methods use convolutional [19] or recur-
rent encoders [5, 22, 31], while transformer architectures
are employed by more recent methods [41, 53, 60]. Even
more recently, several approaches [24, 26, 42, 45, 49, 57,
65, 68, 69] aim to recover global human motion to handle
arbitrary moving cameras. While producing temporally co-
herent results and accurate body estimates, all methods fail
to capture complex 3D foot movements because, similar to
image-based methods, they rely on training data with inac-
curate foot annotations. Additionally, existing 3D human
video datasets are much more limited in diversity than im-
age datasets, typically containing very little foot motion.

2.2. Foot Pose Estimation

Most existing human pose datasets provide only minimal
foot annotations, limited to the position of the ankles. The

first 2D foot keypoint dataset was released by Cao et al. [4]
which extends a subset of COCO [28] by labeling three
keypoints per foot: big toe, small toe, and heel. Similarly,
Jin et al. [15] introduced COCO-WholeBody for 2D human
whole-body pose estimation. Enabled by these datasets, re-
cent 2D detectors [14, 20, 62–64] can accurately and ro-
bustly detect foot keypoints in addition to body keypoints.

To reconstruct foot keypoints in 3D, previous work [16,
72, 73] relies on multi-view optimization using correspond-
ing 2D detections. Zhu et al. [72] provide their reconstruc-
tions for two existing multi-view datasets [13, 16]. Zhuo
et al. [73] construct annotations for training a human mesh
recovery model, but do not release the annotations or the
model. Relying on multi-view indoor data is very restricting
and leads to a lack of diversity in scenes and actors, limiting
robustness of data-driven methods. In contrast, by refining
foot motion decoupled from the rest of the body, FootMR
only requires 2D foot keypoints and can thus leverage large-
scale motion capture data together with in-the-wild video
datasets without suffering from inaccurate foot annotations.
During inference, FootMR benefits from the accuracy and
robustness of recent 2D whole-body keypoint detectors.

Several recent works [38, 39, 43, 66, 67, 74] focus on the
physical plausibility of 3D human motion to mitigate arti-
facts such as foot sliding or foot-floor penetration. How-
ever, they do not address the accuracy or evaluation of foot
motion reconstruction, which is the focus of this work.

3. Method

Given a monocular video {I(l)}Ll=1 of length L, our objec-
tive is to recover 3D human motion that is accurate not only
for the body but also for the feet. We adopt SMPL-X [37]
to represent the 3D human body, which consists of J joint
rotations {θ(l) ∈ RJ×6}Ll=1, shape parameters β ∈ R10,
and translation {τ (l)c ∈ R3}Ll=1 in the camera space. We use
the continuous 6D rotation representation proposed by [71]
to represent 3D joint rotations. To parameterize foot artic-
ulation, the SMPL-X kinematic tree contains a joint for the
ankle and forefoot. Since the ankle joint has the most influ-
ence on foot motion, and previous work fails to accurately
capture it, we focus on improving motion reconstruction of
the left and right ankles {θ(l)ankle ∈ R2×6}Ll=1.

To address the challenge of insufficient video data with
accurate 3D foot annotations, we decouple the reconstruc-
tion process. First, a SMPL-X motion estimator is used to
estimate 3D human motion including potentially erroneous
initial ankle rotations. The initial ankle predictions are then
refined by our proposed Foot Motion Refinement (FootMR)
method, which utilizes 2D foot keypoints instead of raw im-
ages and thus avoids relying on inaccurate image-3D foot
annotation pairs during training. An overview of our frame-
work is shown in Fig. 3.



Figure 3. Overview of our framework. Given a monocular video, a SMPL-X motion estimator is employed to estimate 3D human motion
including erroneous initial ankle rotations. Knee and ankle predictions are then transformed from parent-relative to global rotations and
used together with 2D foot keypoints and bounding boxes as input for Foot Motion Refinement (FootMR). FootMR refines the initial ankle
predictions by estimating residual rotations. After fusing the refined ankle rotations with the remaining body parameters, the final output
of our framework is accurate and temporally coherent 3D human body and foot motion.

3.1. Foot Motion Refinement

Input and preprocessing. We design a transformer-based
model to jointly refine initial left and right ankle rota-
tions θ̄

(l)
ankleinit

∈ R2×6 by predicting residual rotations

∆θ̄
(l)
ankle ∈ R2×6 from three types of input. The first is the 2D

foot keypoint sequence ffoot2d ∈ RL×16 that consists of four
keypoints per foot: big toe, small toe, heel, and ankle. We
normalize the keypoints using the person’s bounding box
and provide the center and scale of the bounding boxes as
second input fbbox ∈ RL×3 [27]. This provides informa-
tion about the location of the person in the original image
which is important due to perspective effects. Keypoints
that are not visible based on their confidence score are set
to zero. The third input of FootMR is the global rotations of
the left and right knee and ankle fθ̄k,a

∈ RL×24 predicted
by a SMPL-X motion estimator. In SMPL-X, each joint ro-
tation is defined relative to its parent joint in the kinematic
tree. Let θ(l)i ∈ R6 denote the parent-relative rotation of
joint i in 6D representation. Following Zhou et al. [71], the
corresponding rotation matrix is constructed by

R
(l)
i = rotmat(θ

(l)
i ), R

(l)
i ∈ SO(3), (1)

with the inverse mapping

θ
(l)
i = rot6d(R

(l)
i ), θ

(l)
i ∈ R6. (2)

Since relative knee rotations provide no useful information
for ankle pose refinement, we transform them into global

rotations in camera space. For a joint i, this is done by
multiplying the rotations of all its ancestor joints A(i) along
the kinematic chain, from the root to the target joint:

R̄
(l)
i =

( →∏
j∈A(i)

R
(l)
j

)
R

(l)
i . (3)

The operator
→∏

denotes the ordered matrix multiplication
along the chain, and θ̄

(l)
i = rot6d(R̄

(l)
i ) is the resulting

global rotation of joint i in 6D representation. Conditioning
on global knee rotations is crucial, as they constrain feasible
ankle rotations and help disambiguate lifting 2D keypoint
sequences to 3D rotations. Initial ankle predictions act as
a strong prior, and are especially important when 2D key-
points are noisy or missing. Using global rather than knee-
relative ankle rotations leads to FootMR better generalizing
to extreme ankle motions.

Network design. Our network design is heavily inspired
by GVHMR [42]. The three per-frame input features
f
(l)

θ̄k,a
, f

(l)
foot2d, f

(l)
bbox are first independently mapped to the

same dimension using dedicated MLPs. They are then com-
bined through element-wise summation to create one uni-
fied token T (l) ∈ RdH per frame. Subsequently, the result-
ing sequence is processed by multiple transformer encoder
layers leveraging Rotary Position Embedding (RoPE) [47],
which encodes relative positional dependencies instead of
absolute positions. Relative positional embeddings together



with a further introduced attention mask enable FootMR to
process sequences of arbitrary length in a single forward
pass, without relying on autoregressive inference strate-
gies such as sliding-window. The attention mask is con-
structed such that each token only attends to tokens within
a W -frame neighborhood. Due to the design decision
to have only one token per frame, FootMR is computa-
tionally efficient even for larger W and thus can effec-
tively capture long-range dependencies. The output tokens
{T̃ (l) ∈ RdH}Ll=1 of the final transformer encoder layer are
independently processed by an MLP to predict the residual
global rotation of the left and right ankle ∆θ̄

(l)
ankle ∈ R2×6.

Due to its efficient design and because only a few keypoints
and rotations are processed per frame instead of heavy im-
age features, our foot motion refinement is lightweight and
introduces only minor computational overhead.

Network output. The output of FootMR is simply added
element-wise to the initial ankle predictions, producing the
final global ankle rotations

θ̄
(l)
ankle = θ̄

(l)
ankleinit

+∆θ̄
(l)
ankle. (4)

To then convert the global to parent-relative ankle rotations,
they must be multiplied by the inverse of the parent joint’s
rotation matrix:

R
(l)
ankle =

(
R̄

(l)
knee

)−1

R̄
(l)
ankle. (5)

3.2. Training

We jointly train FootMR with the SMPL-X motion estima-
tor from scratch. We find that this produces slightly better
results than training FootMR on top of a pretrained fixed-
weight SMPL-X regressor. We follow previous work [42,
44, 45] and synthesize input 2D keypoints during training
by extracting 3D keypoints from the ground truth SMPL-X
sequence, adding noise and projecting them onto a virtual
camera. Since image features are not used as input, addi-
tional data augmentation for training FootMR can be ap-
plied. Specifically, for every sequence, we uniformly sam-
ple a random 3D rotation R ∼ U(SO(3)) and apply it to
the ground truth and predicted root joint orientations. This
results in augmented foot keypoints, bounding boxes, and
predicted global knee and ankle rotations. By effectively
simulating 3D foot motion in all possible orientations in 3D
space, the variety of keypoints and rotations FootMR pro-
cesses during training is heavily expanded. This helps the
model to generalize well to diverse foot motions. Note that
the random rotation data augmentation is only applied to the
inputs of FootMR. The output does not need to be adjusted,
as the updated global ankle rotations are always converted
to parent-relative rotations that are independent of the ori-
entation of the root.

We do not use any additional losses for training FootMR,
but instead simply integrate its output into the losses of the
SMPL-X motion estimation method. Typical motion recon-
struction losses influenced by the ankle rotations are

Lj3d = ||J (l)
3d − Ĵ (l)

3d ||2 (6)

Lj2d = ||Π(J (l)
3d )− Ĵ (l)

2d ||2 (7)

Lv3d = ||V (l)
3d − V̂

(l)
3d ||2 (8)

Lv2d = ||Π(V
(l)
3d )− V̂

(l)
2d ||2 (9)

Lθ =
1

2

(
||θ∗(l) − θ̂(l)||2 + ||θ(l) − θ̂(l)||2

)
(10)

which are calculated for every input frame l. Locations of
3D joints and vertices of the SMPL-X model are denoted
by J3d and V3d. The hat operator denotes the ground truth
and Π is the camera projection operator. We only slightly
adjust the joint rotation loss Lθ such that it is calculated for
the initial θ∗(l) and refined joint rotations θ(l), which differ
only in the ankle rotations.
Architectural details. FootMR consists of six RoPE-based
transformer encoder layers. Each attention unit features
four attention heads, and the hidden dimension is set to
dH = 256. MLPs have two linear layers with GELU ac-
tivation. The maximum window size for self-attention is
W = 120. This corresponds to a temporal window of four
seconds when using videos with 30 frames per second.

4. Experiments
Evaluation datasets. To quantitatively evaluate our ap-
proach, accurate 3D foot annotations are required. Un-
fortunately, SMPL annotations provided by popular in-the-
wild benchmark datasets such as 3DPW [52] are often not
accurate for the feet (see Fig. 2, right). Thus, we in-
stead evaluate on the multi-view datasets MOYO [50] and
RICH [12]. MOYO [50] contains videos of a Yoga profes-
sional performing highly complex poses including extreme
foot poses. The subject is captured using a marker-based
motion capture system, resulting in highly accurate ground
truth SMPL-X fits. RICH [12] is recorded in both in-
door and outdoor environments and reconstructs 3D human
ground truth bodies using markerless motion capture. Mul-
tiple subjects are recorded performing a mixture of daily
(e.g., cooking, cleaning, eating) and sporting activities (e.g.,
lunges, push-ups, burpees). RICH contains significantly
less foot motion than MOYO, and due to using markerless
motion capture, the annotations are less accurate. MOYO
contains only a single subject and all videos are recorded
in the same indoor environment. Furthermore, the extreme
out-of-domain body poses could lead to degenerated pose
predictions, making it difficult to evaluate foot movement
in isolation. Due to these limitations we introduce the
MOOF dataset (complex MOvements Of the Feet). We



record subjects performing simple body movements that in-
volve complex foot motions, such as ankle circles, ankle
stretches, and heel–toe walking, and augment these record-
ings with in-the-wild dance and ballet videos collected on-
line. MOOF comprises 15 subjects (9 female, 6 male) and
41 videos captured at 30 fps. Video durations range from
4 seconds to 37 seconds, totaling 14,589 frames. We use
a semi-automatic annotation pipeline to obtain 2D ground
truth keypoints for the big toe, small toe and heel. Two
example images from MOOF are shown in Fig. 4. More
details are provided in the supplementary material.

Evaluation metrics. The accuracy of 3D human motion es-
timation is typically evaluated by computing the Mean Per
Joint Position Error (MPJPE), Procrustes-aligned MPJPE
(PA-MPJPE), and the Per Vertex Error (PVE). Because
joints or vertices of the feet represent only a small percent-
age of the entire body, improved foot poses have very lit-
tle impact on the whole-body metrics. Therefore, we in-
stead compute the following foot-specific 3D metrics: the
global Ankle Joint Angle Error (AJAE, in degrees) and the
scale-normalized [40] MPJPE for foot keypoints (big toe,
small toe, heel), which we refer to as N-MPJPEF (reported
in mm). Foot keypoints are mean-centered per foot be-
fore computing the N-MPJPEF. Evaluation of 3D metrics is
done in camera coordinates. On the 2D dataset MOOF, we
evaluate the 2D image alignment of reprojected foot key-
points using PCKF (Percentage of Correct foot Keypoints)
and N-FKE2d (Normalized 2D Foot Keypoint Error). PCKF
measures the percentage of predicted foot keypoints with an
L2 distance from the ground truth below a specified thresh-
old. We use a threshold of 0.05, corresponding to 5% of the
person’s bounding box. Because PCKF also depends on the
predicted shape, translation, and body pose, we addition-
ally measure the N-FKE2d. N-FKE2d is computed by first
normalizing the keypoints using the person’s bounding box,
then mean-centering and scale-aligning them per foot, and
finally computing the L2 distance from the ground truth.

4.1. Implementation Details

SMPL-X motion estimator. To evaluate our foot motion
refinement method, we couple it with the state-of-the-art
3D human motion recovery method GVHMR [42]. We use
GVHMR because it is efficient and jointly trainable with
motion capture and video datasets. GVHMR is a temporal
transformer-based model that processes several input fea-
tures including image features and 2D human keypoints.
We additionally create a baseline by slightly modifying
GVHMR such that three 2D keypoints per foot (big toe,
small toe, heel) are appended to the original 17 input body
keypoints, and refer to the baseline as GVHMR23j.

Training. We follow the training setting of GVHMR [42]
and use the large-scale motion capture dataset AMASS [32]

and the video datasets BEDLAM [2], Human3.6M [13], and
3DPW [52] for training. We train FootMR together with
GVHMR from scratch for 500 epochs with a batch size of
256, which takes around 30 hours on a single H100 GPU.
The AdamW optimizer [30] is used with a learning rate of
2 × 10−4 that is halved after 200 and 350 epochs. Fol-
lowing [42], the losses presented in Sec. 3.2 are weighted
with λθ = 1, λj3d = 500, λj2d = 1000, λv3d = 500,
λv2d = 1000, and the length of the training sequences is
set to L = 120. During training, ground truth global knee
rotations are used as input for FootMR, as this slightly im-
proves the convergence rate. Predicted initial global ankle
rotations are detached from the computational graph prior
to being used as input. We train a second model using the
same setting by replacing GVHMR with GVHMR23j.

4.2. Quantitative Evaluation

We compare our approach with several state-of-the-art per-
frame and video-based methods and with our straightfor-
ward baseline GVHMR23j. For all competitors, we use
the officially released model checkpoint to ensure a con-
sistent and fair comparison. No test-time flip augmenta-
tion is performed and ground truth focal lengths are not
provided during inference. Quantitative results on MOYO,
RICH and MOOF are shown in Table 1. Our foot mo-
tion refinement method (FootMR) significantly improves
foot motion reconstruction of both GVHMR and of our
baseline GVHMR23j, outperforming all competitors by a
large margin. Notably, compared to the best existing tem-
poral methods, FootMR achieves an error reduction of
30.6% on MOYO (37.3 to 25.9 AJAE) and of 58.1% on
MOOF (1.60 to 0.67 N-FKE2d). The same metrics are im-
proved by 16.5% and 52.8% with respect to the best per-
frame method [36]. The strong performance on MOYO
and MOOF shows that FootMR successfully generalizes to
complex foot movements. The reconstruction of everyday
activities are also consistently improved as demonstrated on
RICH. Note that CameraHMR [36] achieves better full pose
reconstructions (PA-MPJPE), primarily due to training on
more diverse in-the-wild data with more accurate pseudo-
GT annotations. However, its foot metrics, especially on
MOYO and MOOF, are significantly worse, showing that
the improved pseudo-GT annotations are still not accurate
and diverse enough for the feet. The full-body pose met-
ric PA-MPJPE is only shown for reference, as the focus of
this work is solely on improving foot pose reconstruction.
Note that the ankle joint angle error (AJAE) cannot be eval-
uated on RICH for methods that predict SMPL parameters,
since RICH only has ground truth in SMPL-X format. All
other metrics are computed by first converting the SMPL-X
meshes to SMPL format using a vertex mapper [2].

Interestingly, our simple baseline GVHMR23j already
outperforms all competitors on all foot metrics. Intuitively,



MOYO RICH MOOF

Models AJAE↓ N-MPJPEF↓ PA-MPJPE↓ AJAE↓ N-MPJPEF↓ PA-MPJPE↓ PCKF 0.05↑ N-FKE2d↓

pe
r-

fr
am

e HMR2.0 [8] ICCV’23 42.0 55.7 83.5 - 36.9 57.2 76.1 1.95
ReFit [56] ICCV’23 41.8 47.6 79.8 - 30.3 46.7 81.8 1.68
TokenHMR [7] CVPR’24 38.0 48.1 56.6 - 27.7 38.7 74.5 1.85
CameraHMR [36] 3DV’25 31.0 39.1 45.3 - 24.8 35.0 88.3 1.42

te
m

po
ra

l

WHAM [45] CVPR’24 41.7 49.1 68.8 - 28.3 43.7 68.1 1.94
TRAM [57] ECCV’24 39.6 47.3 63.2 - 26.5 40.5 68.0 1.60
GVHMR [42] SIGGRAPH’24 37.3 45.9 64.5 18.0 27.3 39.8 76.1 1.70

GVHMR23j (Baseline) 29.6 37.5 62.7 16.2 24.2 40.1 89.2 1.06
GVHMR + FootMR (Ours) 26.8 32.8 62.2 15.8 23.2 40.4 86.9 0.67
GVHMR23j + FootMR (Ours) 25.9 32.4 62.3 15.8 23.0 39.9 92.6 0.67

Table 1. Comparison of foot pose reconstruction on the MOYO [50], RICH [12], and MOOF datasets. Our foot motion refinement
method (FootMR) effectively improves foot motion reconstruction of GVHMR and GVHMR23j, outperforming all competitors on all foot-
specific metrics by a large margin. Note that improving full-body pose metrics is not the focus of this work; PA-MPJPE (shown in a faint
column) is included only for reference. AJAE is in degrees, MPJPE in mm, PCKF in %, and N-FKE in normalized pixel space.

Image TRAM [57] GVHMR [42] CameraHMR [36] GVHMR23j FootMR (Ours)

Figure 4. Qualitative comparison on the introduced MOOF dataset. FootMR is the only method that is able to accurately reconstruct the
extreme foot poses.

by additionally providing the three 2D keypoints per foot,
GVHMR23j can fully exploit large-scale motion capture
data during training to learn about 3D foot motion. How-
ever, unlike FootMR, it still cannot generalize to extreme
foot poses, which is evident in the poorer performance on
MOOF (N-FKE2d of 1.06 vs. 0.67) and also visually shown
in Fig. 4. Combining FootHMR with GVHMR23j achieves
slightly better results than combining it with GVHMR. We
notice that using the additional 2D foot keypoints leads to
GVHMR23j estimating more accurate knee joint rotations.
For instance, the knee joint angle error on MOYO improves
from 20.6◦ to 18.9◦. This facilitates the ankle joint refine-

ment task and results in better 2D image alignment, as can
be seen by the PCKF.

Qualitative comparisons with state-of-the-art competi-
tors are shown in Fig. 4. All methods predict similar body
poses, but only FootMR is able to accurately reconstruct the
extreme foot poses. For more qualitative results, please re-
fer to our supplementary materials.

4.3. Ablation Study

To analyze the impact of each component of our method,
we evaluate multiple variants of FootMR combined with
GVHMR23j using the same training and evaluation proto-



MOYO RICH MOOF

Models AJAE AJAE N-FKE2d

Relative 27.6 16.4 0.78
Global 26.4 19.5 0.73
Residual Relative 28.7 15.8 0.90
Residual Global (Ours) 25.9 15.8 0.67

Ours w/o DA 27.3 16.5 0.82

Table 2. Ablation of output rotation representation. Estimating
residual rotations with respect to initial global ankle rotations from
a SMPL-X motion estimator leads to the best results.

Input Joint Rotations MOYO RICH MOOF

Ankle Knee Hip Pelvis AJAE AJAE N-FKE2d

× × × × 38.0 36.0 0.65√
× × × 29.1 17.4 0.61√ √

× × 25.9 15.8 0.67√ √ √
× 26.1 15.7 0.71√ √ √ √

26.0 15.7 0.71

Table 3. Ablation of input joint rotations. Using global knee and
ankle rotations as input for foot motion refinement is important,
while additional joints provide no further benefit.

col. We begin by investigating the influence of different
rotation representations of the ankle rotations predicted by
FootMR. The results are shown in Table 2. The models
in the first two rows receive global knee rotations as in-
put and directly estimate the parent-relative or global an-
kle rotations, instead of residual rotations. When estimating
parent-relative rotations, the model cannot generalize well
to extreme foot poses, which is reflected in the poorer per-
formance on MOYO and MOOF. The reason could be the
limited range of ankle rotations observed during training.
Directly estimating global ankle rotations leads to perfor-
mance degradation on RICH, especially when 2D keypoints
are missing due to occlusions. Combining the best of both
worlds, FootMR estimates residual rotations with respect to
initial global ankle rotations from a SMPL-X motion esti-
mator. This significantly improves robustness to noisy or
missing 2D keypoints, while generalizing well to extreme
foot poses. It also achieves better results than predicting
residual rotations with respect to initial parent-relative ankle
rotations. Table 2 additionally shows the impact of the pro-
posed random rotation data augmentation technique, which
consistently improves all foot metrics.

Next, we analyze which joint rotations are important as
input for refining the ankle rotations. The ablation study is
shown in Table 3. A model that directly predicts global an-
kle rotations only from 2D foot keypoint sequences heavily
degenerates when input keypoints are noisy, leading to very
poor results on MOYO and RICH. This demonstrates the
high ambiguity of the 2D-to-3D mapping. Interestingly, it

still manages to achieve good 2D image alignment, showing
that 2D foot metrics alone are no reliable indicator to assess
the 3D reconstruction performance. Using initial global an-
kle rotations as input for refinement leads to less ambiguity.
Global knee rotations further help to disambiguate the 2D
keypoint sequences to 3D rotations mapping. Finally, pro-
viding additional joints along the kinematic chain (hip and
pelvis) offers no further advantages. More ablation studies
are included in the supplementary material.

5. Limitations
FootMR achieves state-of-the-art foot motion reconstruc-
tion by accurately capturing the movement of the left and
right ankle joint. However, a single ankle joint is not suf-
ficient to model the full range of motion of the foot. Addi-
tionally improving the forefoot joint of SMPL-X only helps
to a limited extent. Feet on the SMPL-X body are overly
simplistic and cannot model movements such as curling of
the toes [35]. Future work should explore extending our ap-
proach to the articulated foot model SUPR-Foot [35] which
contains 13 joints per foot. More dense 2D keypoints will
be needed to estimate the additional degrees of freedom.

6. Conclusion
FootMR is a novel approach for improving 3D foot motion
reconstruction in markerless monocular human motion cap-
ture. It refines initial ankle rotation estimates from an ex-
isting 3D human recovery model by leveraging detected 2D
foot keypoints. Our experiments show that incorporating
knee and initial ankle rotations and predicting only resid-
ual ankle rotations effectively resolves ambiguity of lifting
the 2D foot keypoint sequences to 3D. By not using im-
ages directly as input, FootMR does not suffer from in-
accurate foot annotations present in most existing human
datasets. It also enables our proposed random root orienta-
tion data augmentation which further improves generaliza-
tion to extreme foot poses. To support evaluation, we intro-
duced MOOF, a new video dataset containing complex foot
motion. FootMR combined with the 3D human motion re-
covery model GVHMR produces accurate and temporally
coherent 3D human body and foot motion, outperforming
all competitors across diverse benchmarks on various foot-
specific metrics. Most notably, FootMR is the only method
that is able to accurately reconstruct extreme foot poses not
seen in common datasets.
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