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Abstract
Foot-ground contact information plays a crucial role in character animation and gait analysis, as it helps accurately simulating
realistic movement patterns and understanding the biomechanics of walking. Existing motion datasets do not explicitly include
foot-ground contact information, requiring separate computation or manual annotation. Obtaining accurate foot-ground con-
tact information typically requires additional sensors such as pressure mats or force plates. Without such devices, estimating
contact becomes a highly challenging task. We propose ContactVision, a deep learning framework that detects heel and toe
contact states directly from video. Our network is trained in a supervised manner using contact labels derived from motion
capture data via ground reaction force estimation. This enables training on existing datasets without the need for additional
hardware. We demonstrate the utility of our contact detection network in two downstream tasks: gait motion reconstruction
and gait analysis. For animation, we incorporate predicted contact labels into a reinforcement learning framework with a two-
segment foot model, enabling realistic foot articulation behavior. For analysis, we estimate clinically relevant gait parameters
such as double and single support times, and validate the accuracy against pressure sensor mat data and prior video-based
methods. Our results show competitive performance in both animation and analysis settings. The code is publicly available at
github.com/DaeeYong/ContactVision.
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1. Introduction

Foot-ground contact detection plays a crucial role in various as-
pects of motion understanding, including character animation and
gait analysis. Accurate foot-ground contact information is essential
for reconstructing realistic human motion and preventing motion
artifacts, such as foot skating or ground penetration. Gait analysis is
an important method for assessing movement disorders commonly
found in neurological conditions such as Parkinson’s disease, cere-
bral palsy, and stroke, helping to evaluate walking patterns and as-
sist in developing treatment plans. Normally, to determine the con-
tact state, clinical facilities use pressure sensor mats, force plates,
or insole shoe sensors. Although the contact data obtained from
these sensors is accurate, a drawback is that it can only be collected
in controlled environments with embedded sensor equipment and
under the supervision of trained professionals. This makes it dif-
ficult to obtain gait information in everyday settings. Most exist-
ing human motion datasets have no explicit foot-ground contact
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information. Therefore, researchers have had to resort to heuristic
methods, such as calculating velocity from the foot joint position
in kinematic motion data to determine contact information, or al-
ternatively, they have had to endure the laborious task of manual
annotation. These methods are not only time consuming and costly,
but also unlikely to achieve high accuracy.

Recently, efforts have been made to estimate ground reaction
force (GRF) from existing kinematics-only motion datasets. These
studies have proposed deep learning-based GRF estimation net-
works using proprietary datasets that simultaneously collect motion
capture and GRF data. To collect GRF information, pressure insole
systems or force plates have been used. GroundLink [HST∗23] is
a public dataset that collects both GRF and motion capture data.
This paper trains GroundLinkNet using the GroundLink dataset.
GroundLinkNet is a network designed to estimate the GRF from
kinematic motion. However, a limitation of this network is that
it predicts only one GRF per foot, meaning that it cannot pro-
vide separate contact information for the heel and toe. Mourot et
al. [MHCH22] proposed a heuristic method for obtaining foot con-
tact labels from the estimated GRF, which is predicted by a network
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trained on UnderPressure, a dataset collected by the authors. This
method has the drawback of not directly inferring contact labels
from the input, but instead requires additional calculations through
the estimated GRF, making it less efficient.

While there have been studies aimed at contact estimation from
kinematic motion capture (mocap) data, research has also been con-
ducted to obtain contact information directly from video inputs.
Rempe et al. [RGH∗20] focused on detecting foot-ground contact
from video footage, particularly videos capturing dynamic move-
ments such as dance or sports. Although the study successfully de-
rived contact information from dynamic movement videos, its per-
formance degraded when used for common locomotion tasks like
walking or running. As a result, it was found to be inadequate for
medical applications such as gait analysis in patients with move-
ment disorders.

In this paper, we propose ContactVision, a novel framework for
detecting foot-ground contact from monocular video of daily move-
ments, particularly gait, that can serve as an effective tool for gait
analysis.

For training, we use an existing human motion dataset
[ENW∗24], which contains various synchronized and calibrated
data for the same motions, including 9-camera color videos, 3D
motion capture data, force plate measurements, and photogramme-
try scans. Among these, we utilize only the RGB video data and the
corresponding 3D motion capture data. Because the dataset con-
tains recordings from multiple viewpoints, our model is trained on
a wide variety of perspectives. This multi-view training enables our
model to robustly detect foot contact states even in gait videos cap-
tured by dynamic cameras with continuously changing viewpoints.
The construction of the training dataset is divided into two parts:
pose extraction and contact label extraction. To estimate poses of
the human skeleton, we use OpenPose [CHS∗19], the pre-trained
human pose estimation (HPE) model, which takes each video frame
as input. We extract contact labels from motion capture data. These
contact labels are used as ground truth when training the contact
detection network. The motion capture data comprises 3D marker
data that represent sequential human movement. Using an existing
framework [MHCH22], we extract foot-ground contact informa-
tion (heel and toe) from the motion capture data. Once the training
data is prepared, we train the contact detection network, a deep
learning model capable of detecting the contact state. We adopt a
network based on the transformer [VSP∗17] architecture.

To validate the effectiveness of our contact detection model, we
apply it to two downstream tasks: gait motion reconstruction and
gait parameter estimation. These tasks demonstrate the broad appli-
cability of our method in both animation and clinical analysis. For
gait motion reconstruction, we employ a two-segment foot model
and generate appropriate reference motions for the toe joint be-
tween the segments using our ToeRefEstimator, enabling realis-
tic foot articulation. Specifically, we show how foot-ground con-
tact information can be used to (1) reconstruct more realistic walk-
ing motions from video, and (2) identify gait cycles and estimate
gait parameters for gait analysis purposes. We further validate our
framework’s accuracy by estimating critical gait parameters—such
as stance phase ratio, swing phase ratio, single support ratio, and
double support ratio—and comparing them against sensor-based

measurements. The high accuracy achieved highlights the potential
of our method for applications in medical gait analysis and move-
ment disorder assessment.

The main contribution of this paper can be stated as follows:

• We propose an end-to-end contact detection network from video
input, which can accurately detect the contact labels for both the
toe and heel.

• Our model demonstrates robustness to viewpoint changes in gait
videos captured with dynamic cameras, achieved by a training
strategy involving multi-view data and random view sampling.

• We introduce a two-segment foot model and the ToeRefEstima-
tor to reconstruct realistic foot articulation, improving motion
realism in gait reconstruction.

• Our model allows more accurate gait parameter estimation than
existing video-based approaches [RGH∗20], with results closer
to sensor mat measurements.

2. RELATED WORK

Foot-ground contact detection plays a critical role in character an-
imation and gait analysis by enhancing realism and supporting
structured motion understanding. This section first reviews exist-
ing methodologies for acquiring contact information, and then ex-
amines their applications in the domains of character animation and
gait analysis.

2.1. Foot Contact Acquisition

Heuristic Approach The high cost and environmental constraints
of kinetic sensor-based data collection methods are significant.
As an alternative, foot-ground contact is often inferred from
motion capture using several common approaches. One major
approach is heuristic thresholding. Various methods are em-
ployed to obtain foot-ground contact information from public
datasets [KPLK15, IPOS13, Lab03, MRC∗17]. Typically, it is
inferred from motion capture by using threshold-based heuris-
tics applied to joint positions, velocities, and heights. Manual
annotation is also commonly performed. Threshold-based ap-
proaches determine foot-ground contact by classifying it when
the foot’s velocity or the distance between the foot and the
ground falls below a predefined threshold [ZYC∗20a, LCR∗02],
or by assuming a zero-velocity condition at foot-ground con-
tact [ZYC∗20b]. Manual frame-by-frame labeling of foot-ground
contact is also commonly employed in character animation re-
search [LS99,KG03,KSG02a,LSC∗19]. Heuristic threshold-based
methods are highly sensitive to subtle noise and measurement
errors in motion capture data, and slight variations in threshold
settings can significantly affect the quality of contact labels.
Although manual annotation can yield relatively high accuracy, it
requires substantial cost, labor, and time, and relies on subjective
judgment, which can lead to inconsistent label quality across
experts.

Deep Learning-based Prediction While heuristic approaches
are cost-effective compared to building new datasets, they suffer
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from a lack of consistency in foot-ground contact labeling. This is
because the thresholds are set manually, leading to significant vari-
ability between operators. Consequently, recent studies have pro-
posed methods that directly learn contact patterns from observa-
tional data using deep learning, thereby enabling the consistent and
reproducible generation of foot-ground contact labels. Using pres-
sure insoles aligned with motion capture, Mourot et al. [MHCH22]
train a supervised deep learning model for foot-ground contact
prediction, while Han et al. [HST∗23] achieve the same goal us-
ing foot-ground contact information derived from force plate mea-
surements. Advances in computer vision have enabled video-based
human pose estimation [CHS∗19, SGX∗21, SAA∗20, KSW∗25,
LXC∗21] and several works attempt to infer contact directly from
video. However, studies such as Zou et al. [ZYC∗20a] and Rempe
et al. [RGH∗20] still rely on threshold-based heuristics to construct
training labels, which leads to label noise and operator dependence.

In this work, we propose a deep learning-based framework that
requires only a single RGB monocular video as input. Following
the procedure of Mourot et al. [MHCH22], we first derive reliable
ground-truth foot-ground contact labels from the motion capture
data, and then train a deep learning model for foot-ground contact
by combining these labels with 2D poses estimated from video.
This approach reduces the heuristic-label dependence common to
purely video-based methods and yields more consistent training la-
bels. Our video-based approach can be uniformly applied to public
datasets to extract consistent, high-quality foot-ground contact in-
formation without expensive equipment. This enables large-scale
foot-ground contact data acquisition and extends applicability to
various fields such as sports science, medicine, and character ani-
mation.

2.2. Applications of Foot Contact Information

Character Animation Foot-ground contact information, which
defines the physical interaction between a character and the
ground, serves as one of the most fundamental cues in character
animation. One of its most common uses is the correction of
motion artifacts such as foot-skating, where the feet slide across
the ground instead of remaining fixed during contact. Many
studies [ZYC∗20b,KSG02b,LDZ∗24] leverage this information to
fix foot positions and thereby prevent sliding. Song et al. [SJL∗24]
proposed a framework for changing motion style while preserving
motion content, in which foot contact information is explicitly
used to prevent foot-skating in the generated motion. Mourot
et al. [MHCH22] adopted a post-processing approach to correct
already generated motion, enhancing physical realism by using ver-
tical Ground Reaction Force (vGRF) as a constraint in their Inverse
Kinematics (IK) technique. Additionally, research in areas such as
motion generation [TPXL24], character control [CSH∗24], motion
synthesis [ZLHA24], and motion reconstruction [ZYC∗20b] also
utilizes foot-ground contact information to address the foot-skating
issue. In addition to correcting artifacts, foot-ground contact
information provides essential temporal structure that supports co-
herent and consistent motion representation. Kim et al. [KEY∗24]
demonstrated that gait cycle features derived from foot contact can
be effectively used for motion retrieval and interactive locomotion
style control. Their work highlights that foot contact informa-

tion not only facilitates the search for suitable motions in large
databases but also enables intuitive manipulation of locomotion
styles. Foot-ground contact information actively contributes to the
creation of realistic motion by ensuring stability in physics-based
simulation [KLVDP20, XLKVDP20, WL19, YTL18, ALX∗19].
For instance, Yu et al. [YPL21] proposed a DRL-based framework
that reconstructs human motion from monocular video, where foot
contact information is incorporated as a reward term. Similarly,
Shimada et al. [SGX∗21] reconstruct 3D motion from a monocular
video and utilize foot-ground contact labels as a clue to estimate
an accurate pose.

Gait Analysis Research on gait analysis has been actively
conducted in diverse fields such as healthcare and computer
vision, playing an important role in applications including
clinical diagnosis, biometric recognition, and motion analysis.
Previous studies have utilized equipment such as motion capture
systems, force plates, and pressure sensors to perform gait analy-
sis [JJLK14, MKD∗20, RFCA10, EKA∗17, BBS∗08]. While these
sensor-based approaches provide high accuracy, they are limited
by high costs and dependency on specialized equipment.

Recently, with advances in computer vision techniques for hu-
man pose estimation, various video-based gait analysis studies have
been conducted [LZD∗22, JP20, HGZ∗23]. Åberg et al. [ÅOÅ∗21]
utilized heel keypoints obtained from OpenPose as auxiliary in-
formation and performed visual inspection to analyze gait cycles,
while Cimorelli et al. [CPKC24] validated a video-based gait analy-
sis system for prosthesis users. These studies demonstrate that foot-
ground contact information plays a crucial role in video-based gait
analysis. Therefore, accurate estimation of foot-ground contact is
critical for reliable video-based gait analysis. To address this chal-
lenge, we propose a robust approach that operates under challeng-
ing real-world conditions, including dynamic viewpoints.

3. Overview

We present a framework to detect foot-ground contact states from
RGB monocular videos, which enables comprehensive and accu-
rate motion analysis. Our framework consists of two main com-
ponents: training data preparation and network training. To train
a network that estimates foot contact states from videos, a dataset
consisting of frame-wise 2D human joint positions in the image
paired with corresponding toe and heel contact state labels is re-
quired. First, we constructed a dataset by extracting the necessary
information from an existing human motion dataset [ENW∗24].
To obtain accurate foot-ground contact state labels, we leveraged
a previous study [MHCH22] that estimates ground reaction forces
and contact labels from motion capture data. 2D human joint po-
sitions are extracted using the pose estimation technique (Open-
Pose [CHS∗19]). Next, we train a foot-ground contact detection
network using a transformer-based encoder. We use lower body
joint positions obtained by applying pose estimation to video, along
with the corresponding contact labels, as training data to perform
supervised learning. The trained model then estimates the contact
states of heels and toes for each frame of the video.
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Figure 1: Overview of our framework, including dataset preparation and model architecture. We use the BioCV dataset [ENW∗24], which
provides synchronized video and motion capture data, to construct the training dataset. From the video, 2D joint positions are extracted
using OpenPose [CHS∗19], and 13 lower-body joints are converted into pelvis-relative coordinates to serve as input features. From the
motion capture data, foot-ground contact labels are obtained via marker mapping and the UnderPressure framework [MHCH22], and used
as ground-truth supervision during training. Given a motion sequence of shape (seq_len× input_dim), the network first projects it into an
embedding space through an input embedding layer, followed by the addition of learnable positional encodings. The resulting representation
is processed by a Transformer encoder, and the output is passed to a classification head, which predicts binary foot-ground contact labels
for four keypoints: the left toe, right toe, left heel, and right heel.

4. Training Data Preparation

Since our goal is to accurately detect foot-ground contact from
videos of daily activities such as walking, we needed motion data
that included synchronized video and accurate foot-ground con-
tact information. However, such datasets are extremely rare. To ad-
dress this, we utilized the BioCV dataset [ENW∗24], which con-
tains synchronized video and motion capture data of daily human
activities, and estimated the foot-ground contact labels from the
motion capture data to construct the training dataset. In the follow-
ing subsections, we first describe the specifications of the selected
dataset [ENW∗24], and then explain how we constructed the train-
ing data by extracting the subject’s skeletal keypoints as input fea-
tures and generating foot-ground contact labels as ground truth. See
Figure 1 (top) for the dataset preparation pipeline.

4.1. Data Specification

The original dataset [ENW∗24] comprises recordings of 15 healthy
adults (8 males and 7 females), each performing five distinct move-
ment tasks: walking, running, countermovement jumps (both max-
imal and sub-maximal effort), and hopping, with up to ten repeti-
tions per activity. Each trial is available in multiple synchronized
modalities, including nine calibrated camera views (Figure 2), mo-
tion capture data, and photogrammetry scan data. In this study,
we utilize only the video and motion capture data. Video streams
and motion capture sequences were originally recorded at 200 fps
and subsequently downsampled to 100 fps by selecting every even-

Figure 2: Illustration of the camera viewpoints used in the BioCV
dataset [ENW∗24] employed for training.

indexed frame to meet the requirements of our processing pipeline.
Camera 2 was excluded due to poor video quality, resulting in eight
usable camera views. After preprocessing and applying quality-
control filtering, data from 13 subjects were retained for experi-
ments. The processed dataset contains a total of 1,277,093 frames,
which were partitioned into training, validation, and test splits fol-
lowing a 70%/15%/15% ratio: 887,847 frames (148.0 min) for
training, 196,833 frames (32.8 min) for validation, and 192,413
frames (32.1 min) for testing.
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Figure 3: Mapping of motion capture markers from
BioCV [ENW∗24] (left) to UnderPressure [MHCH22] (right).
Marker indices are shown in the figure; full index-to-name map-
ping is in Table 4, Appendix A.

4.2. Keypoint Extraction

To extract the 2D keypoint positions forming the human skeleton
from video, we used OpenPose [CHS∗19], an off-the-shelf human
pose estimation model. Given a gait video, OpenPose estimates hu-
man poses for each frame, producing 25 body keypoints per frame
based on the BODY_25 model. Each keypoint is represented by
2D pixel coordinates along with a confidence score, forming a pose
vector Xt ∈ RJ×3, where J denotes the number of keypoints. For
our task, we focused on the 13 lower-body joints (J = 13) that are
related to foot-ground contact, including the pelvis, hips, knees, an-
kles, heels, and toes.

The coordinates of estimated keypoints vary depending on the
subject’s position within the video frame, even for identical move-
ments. Additionally, differences in video resolution or variations
in the distance between the subject and the camera further af-
fect these coordinate values. Directly inputting raw keypoint data
without positional adjustments introduces inconsistencies, hinder-
ing the model’s ability to generalize across varying subject posi-
tions, video resolutions, and camera distances. To address this is-
sue, we converted the keypoint coordinates into relative coordinates
based on the pelvis joint. By using the pelvis as a reference point,
this transformation preserves the spatial relationships among key-
points, ensuring consistency regardless of changes in the subject’s
position. Consequently, the input data maintains robustness against
the positional shifts during training. The Equation 1 defines how
each joint coordinate is transformed relative to the pelvis coordi-
nate. This relative coordinate transformation ensures that, regard-
less of the subject’s position within the frame, the spatial relation-
ships among keypoints are preserved, thereby improving the net-
work’s robustness to scale and positional variations during training.

4.3. Contact Labeling

Human motion datasets typically encompass a variety of types
such as video sequences and 3D marker trajectories. Most of these
datasets do not include explicit labels indicating physical contact

between the feet and the ground. Consequently, many approaches
have relied on threshold-based heuristics for contact detection by
comparing marker displacement or velocity against threshold val-
ues or on manual frame-by-frame annotation. However, such meth-
ods are fundamentally limited by empirically defined decision cri-
teria that do not generalize well and by the extensive time and effort
required for manual annotation. To ensure consistent label quality
and reduce the cost associated with manual annotation, this study
employs the existing framework UnderPressure. This framework
estimates binary foot-ground contact labels from 3D human mo-
tion capture data. While various studies have explored inferring
foot-ground contact from motion capture data, most provide only
indirect indicators such as ground reaction forces (GRFs), or if con-
tact labels are provided directly, they typically offer a single contact
state per foot. In contrast, UnderPressure generates more detailed
information by providing independent contact states for both the
heel and toe of each foot. Since fine-grained contact information is
essential for analyzing diverse gait parameters, we chose to adopt
the UnderPressure framework in our study. However, the topology
of the motion dataset [ENW∗24] differs from that required by Un-
derPressure [MHCH22], as shown in Figure 3. Therefore, to apply
the motion data to UnderPressure, we first performed marker map-
ping to align the topology of the BioCV [ENW∗24] to match the
one used in UnderPressure [MHCH22]. A detailed description of
the marker mapping process is provided in the appendix A. After
marker mapping, the transformed motion capture data are fed into
the GRF estimation model proposed by UnderPressure [MHCH22]
to obtain the estimated GRF. The method for deriving heel and toe
contact labels from these GRF estimates is described in the refer-
enced paper [MHCH22], and we used this method to generate the
final contact labels serving as ground truth for our contact estima-
tion network.

5. Contact Detection Network

Using the training dataset constructed in the previous chapter, this
chapter describes the training procedure for the contact detection
network. Our proposed network takes poses estimated from each
frame of the video as input and outputs binary contact labels for
both the heels and toes in every frame.

5.1. Network Architecture

Figure 1 illustrates the architecture of our contact detection net-
work. Our model comprises four main components: an input em-
bedding, a learnable positional encoding, a Transformer encoder,
and a classification head. The input X ∈ RT×J×3 is a sequence
of per-frame joint features, where T is the number of frames and
J = 13 is the number of joints we used. We employ OpenPose
[CHS∗19] to extract 2D joint predictions for each video frame.
Specifically, OpenPose outputs its pixel coordinates (x,y) and a
confidence score c ∈ [0,1] for each joint. Concatenating these
triplets for 13 lower-body joints (Mid hip, Right hip, Right knee,
Right ankle, Left hip, Left knee, Left ankle, Left big-toe, Left
small-toe, Left heel, Right big-toe, Right small-toe, Right heel)
yields a per-frame feature vector of length 39, producing an input
tensor X for the network. We then embed this vector (input_dim =
13× 3) at each time step into a d-dimensional representation via
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a fully connected layer. This allows the model to learn an optimal
representation of the raw joint data before temporal processing. To
inject explicit temporal order information, we add a learnable posi-
tional encoding. This allows the network to adaptively capture both
absolute and relative timing signals suited to our foot-contact es-
timation. The resulting embeddings are passed through 7 stacked
Transformer encoder blocks. Finally, a classification head imple-
mented as a fully connected layer maps each encoder output to four
logits (Left Toe, Right Toe, Left Heel, Right Heel). These logits
are passed through a sigmoid activation function to produce con-
tact probabilities, and a threshold of 0.5 is applied to classify each
probability as either 1 (contact) or 0 (no contact).

5.2. Network Training

We randomly sample training subsequences from the motion se-
quences obtained with OpenPose [CHS∗19]. Each frame is rep-
resented by a feature vector x(v)t ∈ R39, where t indexes the time
step and v denotes the camera view. The 39 dimensions correspond
to the pelvis-relative 2D coordinates of 13 lower-body joints ex-
pressed as:

x(v)t, j = p(v)t, j − p(v)t,pelvis, j ∈ J (1)

with J denoting the set of 13 lower-body joints (see Section 4.2)
and p(v)t, j the original 2D position of joint j at time t in view v. Dur-
ing the creation of the train/validation/test splits, samples from the
available views are randomly assigned to each subset and remain
fixed throughout training. From a selected view, a random starting
frame s is chosen, and a contiguous subsequence of length L is ex-
tracted:

X̃ (v) = {x(v)s ,x(v)s+1, . . . x(v)s+L−1} (2)

If the number of frames after s is insufficient, zero-padding is ap-
plied so that the input sequence always has length L.

The model outputs frame-wise contact probabilities for four con-
tact keypoints (Left toe, Right toe, Left heel, Right heel), and the
training is formulated as an independent multi-label binary classifi-
cation problem. The objective function is the binary cross-entropy
loss, which minimizes the discrepancy between the predicted prob-
abilities ŷt,c and the ground-truth labels yt,c ∈ {0,1}, averaged over
all frames and contact channels:

LBCE =
1

L ·4

L

∑
t=1

4

∑
c=1

[
−yt,c log ŷt,c − (1−yt,c) log(1− ŷt,c)

]
, (3)

where L denotes the sequence length (we set L = 128 in our exper-
iments), t ∈ {1, . . . ,L} indexes the time steps, and c ∈ {1, . . . ,4}
indexes the classes, with c = 1, 2, 3, and 4 corresponding to the left
toe, right toe, left heel, and right heel, respectively.

Model parameters are optimized using the Adam optimizer, and
early stopping is applied when the validation performance does not
improve for a fixed number of epochs, in order to prevent overfit-
ting. In addition, the Optuna framework [ASY∗19] is employed to
efficiently search for the optimal hyperparameters such as learning
rate, embedding dimension, and dropout rate.

Figure 4: Prediction results on the validation set of the BioCV
dataset. The top row illustrates foot-ground contact during a gait
cycle, where red indicates foot-ground contact. The bottom row
shows the predicted cycle phase for each frame.

6. Results

6.1. Implementation Details

Architecture The proposed model is based on a Transformer
encoder architecture. Each input frame is represented as a
39-dimensional feature vector, which is projected into a 128-
dimensional embedding space through a fully connected layer.
Learnable positional embeddings are then added to form the input
sequence. The encoder consists of seven stacked layers, each
comprising a multi-head self-attention mechanism with four heads
and a feed-forward network with a hidden dimension of 512.

Training Strategy The model was implemented in PyTorch
and trained, validated, and tested on an NVIDIA GeForce RTX
3080 GPU with 12 GB of VRAM. We employed the Adam
optimizer with a batch size of 8 and binary cross-entropy as the
loss function. To identify optimal hyperparameters, we conducted
500 hyperparameter optimization trials using the Optuna frame-
work [ASY∗19], ultimately selecting the highest F1 score on the
validation set. The selected hyperparameters were fixed as follows:
a learning rate of 4 × 10−4, a dropout rate of 9 × 10−3, seven
Transformer layers, an embedding dimension of 128, four attention
heads, a feed-forward hidden dimension of 512, a batch size of 8,
and early stopping with a patience of 10 epochs was applied. The
full hyperparameter search process required approximately two
days to complete.

6.2. Performance Evaluation

We evaluated our model on the held-out test split. It achieved
an F1 score of 0.93, with a precision of 0.89 and a recall of
0.94, demonstrating reliable discrimination of foot–ground contact
events across diverse movement types. Figure 4 illustrates the vali-
dation results of foot-ground contact detection during gait.

Our model also performs robustly on gait videos captured with
dynamic cameras, accurately detecting foot contact states despite
continuous viewpoint changes. This robustness is attributed to our
training strategy. First, each motion in the training dataset was
recorded simultaneously from 8 cameras placed at diverse angles
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Figure 5: Qualitative comparison of foot contact estimation un-
der dynamic viewpoints. Baseline results (bottom) show unstable
and noisy contact labels when the camera is shaking, while our
method (top) produces temporally consistent and physically plausi-
ble contacts. Green indicates foot-ground contact and red indicates
no contact.

around the subject (see Figure 2). Second, during training, views
were randomly sampled at each iteration, forcing the model to
observe the same motion from various perspectives. This setup
encourages the model to learn view-invariant features, resulting
in strong generalization to unconstrained video conditions. While
most existing studies assume static camera viewpoints, real-world
gait videos are often captured with handheld devices, introducing
camera shake and dynamic perspectives. To evaluate performance
under such realistic conditions, we conducted qualitative experi-
ments on walking sequences recorded with moving cameras. Pre-
dicted contact states were overlaid on video frames and compared
with those from a baseline model. As shown in Figure 5, Rempe et
al. [RGH∗20] produce unstable and inconsistent labels under cam-
era motion, whereas our model maintains generally accurate and
temporally coherent predictions. While the predicted contact occa-
sionally occurs a few frames earlier than the actual contact, likely
due to temporal quantization resulting from the lower frame rate of
the input video, overall, our model demonstrates strong temporal
consistency. These results demonstrate that our method generalizes
well to real-world video settings and is robust to viewpoint vari-
ation. Additional comparisons are provided in the accompanying
demo video.

In the following sections, we demonstrate the applicability of
the contact detection network in two downstream tasks: walking
motion reconstruction (Section 6.4) and gait analysis (Section 6.5).

6.3. Ablation Study

Table 1: Ablation study results on positional encoding (PE), joint
selection for model input, and subsequence sampling.

Ablation variant F1 Score Precision Recall

Sinusoidal PE 0.87 0.87 0.89
Full body joints 0.86 0.86 0.88
Sliding window 0.88 0.89 0.89

Ours 0.93 0.89 0.94

We conduct ablation studies to analyze the design choices in our
framework, namely positional encoding, joint selection for model
input, and subsequence sampling during training. For all ablation
experiments, the training, validation, and test splits, as well as the
training protocols and hyperparameters, are kept identical to those
of the proposed model.

Positional Encoding We evaluate the impact of positional
encoding (PE) by replacing the learnable PEs in the proposed
model with fixed sinusoidal PEs as introduced in the original
Transformer architecture [VSP∗17]. As shown in Table 1, this
modification leads to a noticeable performance degradation, reduc-
ing the F1 score from 0.93 to 0.87, with corresponding decreases
in precision and recall. This result indicates that fixed PEs are
insufficient for capturing precise contact timing of foot–ground
contact events. In contrast, learnable PEs allow the model to
adaptively encode temporal structure, leading to more accurate
contact detection.

Joint Selection We study the effect of input joint selection
by replacing the proposed lower-body joint input with a full-body
representation that includes all OpenPose joints [CHS∗19]. As
shown in Table 1, using the full-body joint representation degrades
performance, reducing the F1 score from 0.93 to 0.86. This
result indicates that focusing on lower body joints is more effec-
tive for foot-ground contact detection than using all available joints.

Subsequence Sampling To examine the impact of the subse-
quence sampling strategy, we replace the random subsequence
sampling described in Section 5.2 with a sliding window approach
using a stride of 1. In this setting, training sequences are extracted
densely by sliding a fixed length window over the motion sequence,
instead of sampling subsequences at random starting frames. As
reported in Table 1, this window-based training strategy results in a
lower F1 score of 0.88 compared to 0.93 achieved by the proposed
training scheme. This result indicates that the random subsequence
sampling strategy used in our method is more effective.

6.4. Application 1: Motion Reconstruction

Figure 6: Walking motion reconstructed using a one-segment foot
model. This results in an unnatural stomping gait, where the foot
lands flatly on the ground without the gradual heel-to-toe sequence.

Contact information between feet and ground is important for re-
alistic human motion reconstruction. To showcase the applicability
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of our framework, we apply our foot contact labels extracted from
our framework to the motion reconstruction framework. Previous
motion reconstruction researches normally use single contact in-
formation for each foot because the skeleton has a one-segment
foot model. In this case, when the character moves, stomping is ob-
served instead of smooth and articulated foot motion (see Figure 6).
To achieve more realistic walking motion reconstruction, we em-
ploy a two-segment foot model that divides the foot into toe and
heel segments, as opposed to the conventional one-segment foot
model commonly used in previous motion reconstruction studies.
Our walking motion is reconstructed on this model by integrating
physics-based simulation with deep reinforcement learning. More
specifically, we slightly revise the motion reconstruction frame-
work proposed by Yu et al. [YPL21] to apply our foot contact labels
to the two segment foot model.

We first introduce our proposed two-segment foot model. Then,
we describe ToeRefEstimator, an algorithm designed to estimate
the reference motion of the joint connecting the toe and heel seg-
ments, based on the foot contact labels predicted by our contact
network. Next, we explain how we leverage deep reinforcement
learning to imitate the reference motion and contact patterns ex-
tracted from gait videos, and detail the reward design used during
training.

Two-segment foot model We designed the two-segment model to
mimic actual human foot motion by dividing the foot into heel and
toe segments as shown in Figure 7. The key design decision is the
location of the joint separating these segments, which should cor-
respond to the bending point of the foot during walking. Based
on anthropometric analysis of over 1.2 million feet across North
America, Europe, and Asia [JŽD19], this joint is set at approxi-
mately 65–80% of the foot length from the heel. Accordingly, we
set the heel-to-toe length ratio to 8:2. The joint connecting the two
segments is modeled as a single-degree-of-freedom revolute joint.

ToeRefEstimator: Target Angle Generation from Contact La-
bels Our foot contact detection model provides contact information
(contact labels) indicating the contact states of the heel and toe on
both feet. However, this information alone does not provide ex-
plicit target angles necessary for controlling the two-segment foot
model. Without such explicit target angles, the reinforcement learn-
ing agent must rely solely on indirect rewards, making it challeng-
ing to learn complex foot behaviors efficiently and stably. Empiri-
cally, when pose estimation does not supply explicit reference mo-
tions for the toe joint—often represented as zero throughout the

Figure 7: Two-segment foot model, consisting of toe and heel seg-
ments connected by a revolute joint.

motion sequence—training with only pose and contact label re-
wards results in foot motions resembling a one-segment foot. In
particular, the revolute joint connecting the toe and heel fails to
bend and roll naturally, leading to unrealistic foot dynamics. These
theoretical and empirical observations underscore the necessity of
providing explicit reference angles for the toe joint. To address this,
we propose the ToeRefEstimator, a module that generates appro-
priate target angles from the contact labels. This intermediate step
enables the reinforcement learning agent to follow more direct tar-
gets, facilitating more stable and efficient learning of natural foot
articulation.

Algorithm 1: Toe Joint Target Angle Generation

1. Detect heel-off time theel_off and toe-off time ttoe_off.
2. For each frame t:

• If t < theel_off: set θ(t) = 0.
• If theel_off ≤ t ≤ ttoe_off:

• Let T = ttoe_off − theel_off.
• If T ≥ 5:

• If t−theel_off < 5: linearly increase θ(t) from 0 to 42◦.
• Else: θ(t) = 42◦.

• Else: linearly increase θ(t) from 0 to 42◦ over T frames.

• If ttoe_off < t ≤ ttoe_off +2: linearly decrease θ(t) to 0 over 2
frames.

• Else: θ(t) = 0.

The ToeRefEstimator generates the reference toe joint angle
based on foot contact timings predicted by our foot contact detec-
tion network as detailed in Algorithm 1. Specifically, we identify
two key events, heel-off (denoted as theel_off) and toe-off (denoted
as ttoe_off), and use these to define a time interval where the target
angle increases to simulate toe push-off. Using the identified inter-
val [theel_off, ttoe_off], we define a target angle trajectory for the toe
joint. Based on findings from gait studies on metatarsophalangeal
joint motion during walking [NBU99], the target angle increases
linearly from 0 to 42 degrees starting at theel_off. Empirically, we
increase the angle to its maximum over 5 frames. If the interval
ttoe_off − theel_off exceeds 5 frames, the target angle remains at 42
degrees until ttoe_off; if it is shorter, the peak angle is scaled pro-
portionally. After ttoe_off, the target angle rapidly decreases back
to 0 over 2 frames to simulate the natural return motion of the toe
joint. This angle trajectory effectively emulates the toe-pushing ac-
tion during push-off and empirically contributes to more stable and
realistic gait pattern learning. See Figure 8 for an illustration of the
resulting angle curve.

Rewards We employed deep reinforcement learning to learn a con-
trol policy that mimics reference motion obtained from pose esti-
mation methods developed by prior work [LXC∗21], while follow-
ing contact information extracted from video data using our frame-
work. We primarily adopt the reward functions introduced in prior
work [YPL21]. In this section, we focus on the contact reward,
which utilizes the contact labels extracted by our method. A de-
tailed description of the full set of reward functions used in this
work, beyond the contact reward, is provided in Appendix C.
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Figure 8: Target toe joint angles generated by the ToeRefEstimator
based on predicted contact labels. The angle increases from zero
at the heel-off event (blue dot) to a predefined maximum value, and
then decreases rapidly after the toe-off event (red dot), mimicking
the natural foot motion during gait.

Foot-ground contact reward, rfc, encourages the character to fol-
low the foot contact labels, ĉ, extracted from the video using our
contact detection network.

rfc = exp

(
−αfc ∑

l∈{LT,RT,LH,RH}
∥xor(ĉl ,cl)∥2

)
, (4)

where c and ĉ denote the simulated contact states and estimated
contact labels, respectively, and both are binary variables, where
0 represents a non-contact state and 1 represents a contact state.
The exclusive OR function xor(ĉ,c) returns 1 when ĉ ̸= c, and 0
otherwise.

We reconstructed walking motion using the two-segment foot
model with contact labels obtained from our method. For compar-
ison, we also conducted the same experiment using contact labels
generated by the method proposed by Rempe et al. [RGH∗20]. Fig-
ure 9 shows the reconstructed motion results for each contact de-
tection approach. The results from Rempe et al. [RGH∗20] exhib-
ited a shuffling gait without proper forward progression. In con-
trast, our results demonstrated smooth foot-ground contact with-
out heavy stomping, enabling natural forward movement. Figure 10
provides a visualization of the contact labels used during training
for both cases. To aid interpretation, the interval [theel_off, ttoe_off] in
each graph of Figure 10 is highlighted in light pink. As seen in the
bottom two graphs of Figure 10, the light pink region is barely vis-
ible in the results from Rempe et al. [RGH∗20], indicating that the
contact timings of the toe and heel segments are nearly identical.

Figure 9: Comparison of walking motion reconstruction results.
Multiple frames over time are overlaid in a single image to visual-
ize motion, which progresses from right to left. The top row shows
the result of our method, where the character walks forward natu-
rally. The bottom row shows the result using the same experimental
setup, but with contact labels extracted by the method of Rempe et
al. [RGH∗20], resulting in in-place stepping.

Figure 10: Comparison of foot-ground contact labels predicted by
our method (top) and by Rempe et al. [RGH∗20] (bottom). The top
two plots show the predicted contact labels for the left and right
foot using our method, while the bottom two show the correspond-
ing predictions by Rempe et al. A clearer separation (highlighted
in light pink) can be observed in our results, indicating higher tem-
poral accuracy.
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Figure 11: The top row shows our results and the bottom row shows
the results of Rempe et al [RGH∗20]. From left to right, each col-
umn displays a close-up of the character’s foot, the contact labels
during the heel-off and toe-off phases, and the target versus simu-
lated angles during those same phases.

As a result, although using a two-segment foot model, it effectively
behaves like a one-segment foot, which cannot generate the propul-
sive force during toe-off necessary for forward motion, explaining
the lack of progression. In contrast, the top two graphs in our re-
sults (Figure 10) clearly show the light pink regions, representing
the interval [theel_off, ttoe_off]. This indicates a temporal gap between
the heel-off and toe-off events, allowing time for toe flexion, which
contributes to a natural forward walking motion.

Figure 11 illustrates the simulation results (left column). The
top row corresponds to our method, and the bottom row to that of
Rempe et al. [RGH∗20]. The middle column shows the estimated
contact labels, and the right column shows the simulated joint an-
gles tracking the target angles. In the case of Rempe et al., the in-
terval [theel_off, ttoe_off] was estimated to be shorter, resulting in a
lower peak value for the toe joint’s target angle. As a consequence,
the toe joint fails to achieve sufficient toe flexion, which limits for-
ward propulsion.

6.4.1. Quantitative Evaluation

To quantitatively evaluate the quality of motion reconstruction, we
compare the joint angles of the reconstructed motion against those
of the reference motion obtained from the input video. Specifically,
we measure the root mean square error (RMSE) of joint angles over

the entire reconstructed sequence. Our method achieves a joint an-
gle RMSE of 3.27 degrees, indicating a reasonable level of agree-
ment between the reconstructed motion and the IK-based reference.
To evaluate how well the reconstructed humanoid motion follows
the reference foot–ground contact labels, we measure the F1 score,
precision, and recall. The learned controller achieves an F1 score
of 0.78 (precision 0.80, recall 0.77), compared to the original esti-
mator’s F1 score of 0.93. This reduction reflects the inherent chal-
lenges of reproducing precise contact states through control, yet the
results indicate that the controller successfully captures the essen-
tial contact patterns.

6.4.2. Ablation Study

We conducted ablation studies to evaluate the impact of the con-
tact reward and the ToeRefEstimator by removing each component
individually. As illustrated in the first row of Figure 12, when the
contact reward was removed, the character attempted to perform
forward locomotion, but the actual displacement was minimal. In
the second row of Figure 12, in the absence of the ToeRefEstimator,
the foot model operated as a one-segment structure, failing to pro-
duce natural toe flexion. Consequently, the character exhibited in-
place stepping behavior and ultimately lost balance and collapsed.
In contrast, our method, which incorporates both components, pro-
duces natural toe flexion while the character walks forward (see the
third row of Figure 12). These results demonstrate that both compo-
nents significantly contribute to producing more stable and realistic
foot motions.

6.5. Application 2: Gait Analysis

Our framework enables accurate gait analysis directly from video
without the need for any sensors. First, we perform per-frame phase
labeling by classifying each pose into one of the main gait phases
within the gait cycle. Based on these labels, we extract key gait
parameters, stance/swing phase ratios, single-support ratio, and
double-support ratio, which are widely recognized spatio-temporal
indicators in gait assessment. The stance and swing ratios reflect
the proportion of time a foot spends on the ground versus in the
air, while single- and double-support ratios quantify balance and
weight transfer dynamics. Finally, we compare these vision-based
measurements against ground-truth obtained via sensor mats to val-
idate our framework’s accuracy and clinical utility.

6.5.1. Gait Phase Classification

The gait cycle refers to the sequence of movements that occur
during walking, beginning when one foot makes contact with the
ground and ending when the same foot contacts the ground again.
This cycle is fundamental in gait analysis as it provides a structured
framework to assess and understand human locomotion. By exam-
ining each phase of the gait cycle, clinicians and researchers can
identify abnormalities, design rehabilitation strategies, and enhance
overall movement efficiency. The trained network predicts four
contact labels for each frame: [LT,RT,LH,RH]∈{0,1}4. These la-
bels indicate whether each of the four regions, Left Toe (LT), Right
Toe (RT), Left Heel (LH), and Right Heel (RH), is in contact with
the ground. Based on these contact labels, we classify each frame
into one of the following nine gait phases: Stand, Heel Strike (HS),
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Figure 12: Ablation results. Without the contact reward (top), the
character fails to move forward properly. Without the ToeRefEsti-
mator (middle), the foot motion is unnatural and the character falls
over. With both (bottom), the motion is stable and natural.

Table 2: Gait phase classification based on four foot contact labels
(LT: left toe, RT: right toe, LH: left heel, RH: right heel), defined
with respect to the right foot.

Contact Labels
(LT, RT, LH, RH) Phase

Phase
Category

Support
Type

(1, 1, 1, 1) Stand - -
(1, 0, 0, 1) Heel Strike Stance Double
(1, 1, 0, 1) Loading Response Stance Single
(0, 1, 0, 1) Mid Stance Stance Single
(0, 1, 1, 0) Terminal Stance Stance Single
(1, 1, 1, 0) Pre-Swing Stance Double
(1, 0, 1, 0) Toe-Off / Mid Swing Swing Single
(1, 0, 0, 0) Terminal Swing Swing Single
Otherwise Undefined - -

Figure 13: The visualization compares the contact labels produced
by our model and the baseline. Green circles denote contact, while
red circles denote no contact. As Shown, our model infers heel con-
tact more accurately than the baseline [RGH∗20].

Loading Response (LR), Mid Stance (MS), Terminal Stance (TS),
Pre-Swing (PS), Toe-Off/Mid-sWing (TO/MW), Terminal sWing
(TW), and Undefined. The contact label-to-phase mapping is de-
tailed in Table 2. In cases where the contact labels do not corre-
spond to any of the defined phases, the gait phase is labeled as Un-
defined. In Figure 13, the top row presents the per-frame gait phase
labeling results derived from our video-based contact detection net-
work. When compared to the second row, which shows results from
a previous study (baseline method) [RGH∗20], it is evident that our
approach achieves significantly higher accuracy in identifying each
phase of the gait cycle.

This mapping allows for detailed analysis of gait phases, which
is essential for applications such as gait rehabilitation, prosthetic
design, and athletic performance assessment. By accurately iden-
tifying these phases, clinicians and researchers can assess gait ab-
normalities and design targeted interventions.

6.5.2. Gait Parameters Extraction

In this section, we demonstrate how frame-by-frame gait phase
labels are used to measure key gait parameters. From the per-frame
gait phase labels obtained in the previous section, we extracted key
spatiotemporal gait parameters—specifically, the stance and swing
phase ratios, single-support ratio, and double-support ratio—which
are essential for quantifying gait timing and support patterns.

Stance/Swing Phase Ratios Each gait phase falls into one
of two primary categories: stance and swing phases. As shown in
the second and third columns of Table 2, HS, LR, MS, TS, and PS
are classified as stance phases, while TO/MW and TW belong to
swing phases.

We define the stance and swing phase ratios as follows:

Stance phase ratio =
Nstance

Nvalid
, Swing phase ratio =

Nswing

Nvalid
.

Here, Nstance and Nswing represent the number of frames labeled
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stance and swing phases, respectively. We define the number of
valid frames, Nvalid, as the total number of frames excluding those
labeled "stand" or "undefined." This ensures that only frames cor-
responding to active gait phases are considered in our analysis.

Nvalid = NHS +NLR +NMS +NTS +NPS +NTO +NTW (5)

Single/Double-Support Ratios Single support and double
support phases characterize whether one or both feet are in contact
with the ground during a gait cycle. The single-support occurs
when only one foot is in contact, comprising the Loading Response
(LR), Mid Stance (MS), Terminal Stance (TS), Toe-Off/Mid-sWing
(TO/MW), and Terminal sWing (TW) phases. Double-support
occurs when both feet are simultaneously in contact with the
ground, corresponding to the Heel Strike (HS) and Pre-Swing (PS)
phases. As shown in the second and fourth columns of Table 2,
the support type for each gait phase is presented alongside its
corresponding phase.

We can derive single- and double-support ratios:

Single support Ratio=
Nsingle

Nvalid
, Double support Ratio=

Ndouble
Nvalid

.

Here, Nsingle and Ndouble are the number of frames classified as
single-support and double-support, respectively, and Nvalid is the
total number of valid gait-phase frames (excluding stand and un-
defined). These ratios reflect the proportion of the gait cycle dur-
ing which one or both feet are in contact with the ground—critical
metrics widely used in spatiotemporal gait analysis for assessing
balance and stability.

6.5.3. Evaluation

To demonstrate the effectiveness of our framework as a sensor-free
gait analysis tool, we compared gait parameters derived from our
framework with ground-truth measurements from a sensor mat. To
this end, we used a dataset containing video and pressure-sensor
recordings captured simultaneously during walking trials. From
the per-frame gait phase labels, we extracted key spatio-temporal
gait parameters: stance and swing phase ratios, single-support
ratio, and double-support ratio. We then quantified the accuracy
of our method by computing the Mean Absolute Error (MAE)
between our video-derived parameters and the corresponding
values from the sensor mat.

Dataset The dataset used for the evaluation was collected
under controlled conditions: a GaitRite® pressure mat was in-
stalled in a straight corridor. Simultaneously, video recordings
were made from two perspectives: Frontal view, where subjects
walking toward the camera, and rear view where subjects walking
away from the camera. Subjects were instructed to walk across
the mat at a comfortable pace. The original dataset was collected
from a total of 26 subjects by the Department of Neurology
at Seoul National University Hospital, comprising 13 healthy
individuals and 13 patients diagnosed with Parkinson’s disease.
All participants provided informed consent prior to data collection,

Table 3: Error comparison of gait parameters (unit: %): Our
framework vs. Baseline [RGH∗20].

Gait Parameter Ours
(MAE ± SD)

Rempe et al.
(MAE ± SD)

Stance phase ratio 9.3±3.4 37.7±1.3
Swing phase ratio 9.3±3.4 37.7±1.3
Single-support ratio 5.6±5.5 59.3±7.3
Double-support ratio 12.9±4.7 21.3±7.1

and the study was approved by the Institutional Review Board
(IRB) of Seoul National University Hospital under approval
number (1908–175–1059). From the original dataset, we used only
data from healthy adults, and excluded from the test dataset any
videos where subjects were occluded by others or where clothing
interfered with accurate joint position estimation by the pose
estimator. Consequently, the experiments were conducted on 9
videos from 8 healthy subjects.

The table 3 summarizes the mean absolute error (MAE) and stan-
dard deviation (SD), between sensor-based measurements and val-
ues estimated by our framework and a previous method for each
gait parameter. For the stance and swing phase ratios, the base-
line method exhibits significantly large errors, 37.7 ± 1.3% and
37.7± 1.3%, whereas our model achieves an order-of-magnitude
reduction with 9.3±3.4% and 9.3±3.4%, demonstrating substan-
tially improved fidelity in capturing gait cycle phase proportions.
When examining the single- and double-support ratios, the base-
line approach again shows large discrepancies: 59.3± 7.3% (sin-
gle); 21.3 ± 7.1% (double). Our framework dramatically lowers
these to 5.6±5.5% for single-support, and 12.9±4.7% for double-
support—highlighting significantly improved accuracy across all
support-phase metrics. Individual values for each gait parameter
are provided in Appendix B.

7. Discussion

We proposed ContactVision, a gait-specialized deep learning
framework that estimates foot–ground contact information from
monocular video. The estimated foot-ground contact information
provides valuable cues for 3D motion reconstruction, and its effec-
tiveness was validated through reinforcement learning-based exper-
iments. In particular, our framework extracts contact labels for two
foot parts, the heel and the toe, and we introduce a two-segment
foot model to effectively utilize this information in motion recon-
struction. Furthermore, by implementing the ToeRefEstimator, we
successfully reconstructed natural foot articulation during gait, sig-
nificantly enhancing the realism and accuracy of the walking mo-
tion.

Beyond computer graphics, the same information was also val-
idated in gait cycle analysis, showing their potential in medical
contexts that require high accuracy. While our primary focus is on
character animation and motion reconstruction, the additional eval-
uation in gait analysis highlights the broader applicability of our
framework. Furthermore, since our method estimates gait indica-
tors directly from video without relying on sensors such as force
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plates, pressure sensors, or IMUs, it offers advantages in terms
of cost efficiency, portability, and accessibility. Unlike prior stud-
ies that largely assumed fixed camera viewpoints, our framework
has been experimentally shown to operate robustly under dynamic
camera conditions, such as changes in viewpoint during recording
or handheld scenarios. This demonstrates a significant distinction,
highlighting its potential applicability in real-world environments.

Nevertheless, several limitations remain. First, the framework re-
lies solely on the output of video-based pose estimators, making its
performance highly dependent on the accuracy of the underlying
pose estimator. Consequently, errors in pose estimation can directly
affect the accuracy of foot–ground contact detection. To address
these limitations, future work will focus on incorporating additional
cues such as physical constraints or multi-modal signals beyond
pose estimator outputs, thereby reducing dependency on a single
input and improving robustness to inaccurate pose estimations. In
addition, the ToeRefEstimator relies on simple heuristics tailored
to typical forward walking and may not generalize to non-standard
or pathological gait patterns, motivating future work toward more
adaptive formulations. Second, because the framework is special-
ized for gait, its generalizability to other types of human motion
is limited. By training on more diverse human motion datasets, we
aim to extend the framework to reliably estimate foot–ground con-
tact information for a broader range of motions beyond gait.
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Appendix A: Marker Mapping

The marker topology of our motion capture dataset differs from
the one required by the UnderPressure framework. To bridge this
discrepancy, we define a marker mapping procedure that transforms
the original marker set into the format expected by UnderPressure.

Four types of mapping strategies are used: (1) direct mapping, a
one-to-one correspondence between source and target markers; (2)
average mapping, where the target marker is computed as the av-
erage of two or more source markers; (3) interpolated mapping,
which places the target marker at a specified ratio along the line
segment between two source markers; and (4) offset mapping,
where the target marker is placed by offsetting a source marker
along a specified direction vector by a fixed ratio. We apply these
rules to convert our dataset markers into the required set of 23 input
markers. The full mapping specification is provided in Table 5.

Appendix B: Detailed Gait Parameter Measurements

In normal walking, the stance and swing phase ratios average ap-
proximately 60% and 40%, respectively, of the gait cycle. Within

Table 4: Mapping between BioCV [ENW∗24] mocap markers
(source) and UnderPressure [MHCH22] mocap markers (target).
Each marker index corresponds to the label shown in Figure 3.

Index Target Marker Source Marker
0 Pelvis ACROM_R
1 L5 ACROM_L
2 L3 CLAV
3 T12 XIP_PROC
4 T8 ELB_LAT_R
5 Neck ELB_MID_R
6 Head ELB_LAT_L
7 Right Clavicle ELB_MID_L
8 Right Shoulder ILCREST_R
9 Right Elbow ILCREST_L
10 Right Hand ASIS_R
11 Left Clavicle ASIS_L
12 Left shoulder WRI_LAT_R
13 Left Elbow WRI_MID_R
14 Left Hand WRI_LAT_L
15 Right Hip WRI_MID_L
16 Right Knee KNEE_LAT_R
17 Right Foot KNEE_MID_R
18 Right Toe KNEE_LAT_L
19 Left Hip KNEE_MID_L
20 Left Knee MAL_LAT_R
21 Left Foot MAL_MID_R
22 Left Toe MAL_LAT_L
23 - MAL_MID_L
24 - MTP5_R
25 - TOE_R
26 - MTP1_R
27 - MTP5_L
28 - TOE_L
29 - MTP1_L
30 - C7
31 - T10
32 - PSIS_R
33 - PSIS_L
34 - HAND_R
35 - HAND_L
36 - HEEL_R
37 - HEEL_L

the stance phase, single-support ratio (only one foot on the ground)
is about 40%, while double-support ratio (both feet in contact) com-
prises about 20–25% of the cycle. Typical spatio-temporal values in
healthy adults walking at a comfortable speed are well-documented
[LJFN21,NCCV21]. These benchmarks provide valuable reference
points for interpreting deviations in gait parameters measured by
our frame-by-frame video-based framework. To facilitate an easy
comparison of the actual values, we plotted graphs (Figure 14,
15, 16, and 17) of the ground truth values of four gait parame-
ters (stance phase ratios, swing phase ratios, single-support ratios,
and double-support ratios) from the GaitRite sensor (GT), the val-
ues estimated by our method (Our), and the values estimated by
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Table 5: Marker mapping Table used for conversion to UnderPres-
sure input format

Target Marker Type Source Marker(s)

Pelvis average ILCREST_L, ILCREST_R
L5 interp Pelvis, Neck, t=1/5
L3 interp Pelvis, Neck, t=2/5
T12 interp Pelvis, Neck, t=3/5
T8 interp Pelvis, Neck, t=4/5
Neck average C7, CLAV
Head offset Neck, T8→Neck, ratio=0.8
Right Clavicle interp ACROM_R, ACROM_L,

t=1/3
Right Shoulder direct ACROM_R
Right Elbow average ELB_LAT_R, ELB_MED_R
Right Hand direct HAND_R
Left Clavicle interp ACROM_R, ACROM_L,

t=2/3
Left Shoulder direct ACROM_L
Left Elbow average ELB_LAT_L, ELB_MED_L
Left Hand direct HAND_L
Right Hip direct ASIS_R
Right Knee average KNEE_MED_R,

KNEE_LAT_R
Right Foot average MAL_MED_R,

MAL_LAT_R
Right Toe direct TOE_R
Left Hip direct ILCREST_L
Left Knee average KNEE_MED_L,

KNEE_LAT_L
Left Foot average MAL_MED_L,

MAL_LAT_L
Left Toe direct TOE_L

the baseline [RGH∗20] (Rempe et al.) across the 9 walking sam-
ples. Each sample follows the format {subject_id}_{view},
where view can be either F (forward-facing) or B (backward-
facing), representing the walking direction relative to the camera.

Figure 14: Quantitative comparison of the stance phase ratio
based on the right foot during a single gait cycle in healthy adults.

Figure 15: Quantitative comparison of the swing phase ratio based
on the right foot during a single gait cycle in healthy adults.

As shown in Figures 14 and 15, the stance phase ratios and
swing phase ratios estimated by our framework (represented by or-
ange squares) closely match the ground-truth values (represented
by blue circles), demonstrating the accuracy of our method. In con-
trast, the method by Rempe et al. [RGH∗20] showed an estimation
of 100% for stance phase ratios and 0% for swing phase ratios (rep-
resented by green stars). This issue arises due to the imprecise de-
tection of heel contact points. The model frequently misclassified
frames where the heel joint was in contact as non-contact. Many
frames are also classified as undefined. As a result, the method fails
to accurately estimate the swing phase, which is reflected in the 0%
estimation for swing phase ratios.

Figure 16: Quantitative comparison of the single support ratio
based on the right foot during a single gait cycle in healthy adults.

The Figure 16 presents single support ratios per video, showing
that our model yields results consistently closer to the ground truth.

Figure 17: Quantitative comparison of the double support ratio
based on the right foot during a single gait cycle in healthy adults.
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The Figure 17 presents double support ratios per video. The
ground truth values were distributed between 20% and 25%,
whereas our framework tended to underestimate the ratio, with val-
ues falling in the range of 10% to 20%. Among the four gait param-
eters, the estimation error for double support ratios was the largest
when compared to the ground truth values, with a maximum error
of 12.9%, as shown in Table 3. This underestimation may be at-
tributed to the brief duration of the double support phase within the
gait cycle. The double-support phase occurs in a very brief period
within the gait cycle, corresponding to only 2-3 frames in the video
recorded at 29.97 fps, which is roughly 0.067 to 0.1 seconds. If
contact is misclassified during these 2-3 frames, even a small error
in detecting the foot-ground contact can have a significant impact
on the estimation of the double-support ratio. This is why the esti-
mation error for the double support ratio is particularly large.

Appendix C: Details of Reward Terms Used in Motion
Reconstruction

The reward function in Equation 6 is composed of a weighted sum
of seven individual reward terms. Each reward term is designed
to minimize the error with respect to the reference motion, and
they can be broadly categorized into three groups: motion track-
ing, physical plausibility, and video style preservation.

R = wqrq +wvrv +were +w f cr f c+

wuprup +wroot_orirroot_ori +wtorquertorque,
(6)

where the specific values of the reward weights used in the exper-
iments are as follows: wq = 0.3, wv = 0.05, we = 0.05, wfc = 0.3,
wtorque = 0.05, wroot_ori = 0.15, and wup = 0.1.

1. Motion Tracking These reward terms rq,rv, and re encourage
the character to closely track the reference motion by matching
joint angles, joint velocities, and end-effector positions, respec-
tively.

rq = exp
(
−αq ∥q̂−q∥2

)
,

rv = exp
(
−αv ∥v̂−v∥2

)
,

re = exp
(
−αe ∥p̂e −pe∥2

)
.

(7)

• Pose reward (rq) encourages the character’s joint angles (q) to
match the target angles (q̂) from the reference motion. It serves
as the most fundamental tracking term and primarily determines
the overall shape of the motion.

• Velocity reward (rv) encourages the character’s joint angular
velocities (v) to follow the target joint velocities (v̂) from the
reference motion, helping to replicate the timing of the move-
ment.

• End-effector reward (re) minimizes the discrepancy between
the pelvis-relative positions of the character’s end-effectors
(hands and feet), pe, and their target positions in the reference
motion, p̂e. It helps directly correct positional errors that often
occur at the distal parts of long limbs.

2. Physical plausibility These reward terms r f c,rroot_ori, and
rtorque ensure that the simulated character’s motion adheres to
physical laws and appears stable.

r f c = exp

(
−αfc ∑

l∈{LT,RT,LH,RH}
∥xor(ĉl ,cl)∥2

)
,

rroot_ori = exp(−αroot_ori · (1− zroot · ẑworld)
2),

rtorque = exp
(
−αtorque |τ|2

)
.

(8)

• Stability reward (rroot_ori) promotes alignment between the
character’s local z-axis (zroot ) and the world’s z-axis (ẑworld),
providing continuous balance during dynamic motions.

• Torque minimization reward (rtorque) minimizes excessive
joint torques (τ), encouraging energy-efficient and smooth mo-
tions. It prevents the agent from applying unrealistic forces.

3. Video style preservation This reward term rup helps preserve
the unique motion style present in the original video, which is dif-
ficult to capture using only 3D joint data.

rup = exp
(
−αup

∥∥θ̂−θ
∥∥2
)

(9)

• Upper Body Posture Reward (rup) encourages the simulated
character’s upper body tilt to match that computed from the 2D
pose in the original video. Specifically, in simulation, the angle,
θ, between the pelvis-head vector and the vertical axis of the
world coordinate system is calculated, while in the 2D video, the
angle, θ̂, between the pelvis-neck vector and the vertical image
axis is computed. Minimizing the difference between these two
angles guides the simulation to learn postures such as leaning
forward or backward consistent with the original video.
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