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ARTICLE INFO ABSTRACT

Keywords: Hand tracking is a growing research field that can potentially provide a natural interface to interact with virtual
Computer vision environments. However, despite the impressive recent advances, the 3D tracking of two interacting hands from
Hand tracking RGB video remains an open problem. While current methods are able to infer the 3D pose of two hands in

Hand interaction interaction reasonably, residual errors in depth, shape, and pose estimation prevent the accurate detection of

hand-to-hand contact. To mitigate these errors, in this paper, we propose an image-based data-driven method
to estimate the contact in hand-to-hand interactions. Our method is built on top of 3D hand trackers that
predict the articulated pose of two hands, enriching them with camera-space probability maps of contact
points. To train our method, we first feed motion capture data of interacting hands into a physics-based hand
simulator, and compute dense 3D contact points. We then render such contact maps from various viewpoints
and create a dataset of pairs of pixel-to-surface hand images and their corresponding contact labels. Finally,
we train an image-to-image network that learns to translate pixel-to-surface correspondences to contact maps.
At inference time, we estimate pixel-to-surface correspondences using state-of-the-art hand tracking and then
use our network to predict accurate hand-to-hand contact. We qualitatively and quantitatively validate our
method in real-world data and demonstrate that our contact predictions are more accurate than state-of-the-art
hand-tracking methods.

1. Introduction been successfully addressed using multi-camera setups [1,2] or depth
cameras [3,4] to further simplify the task, although recent methods

Hand tracking is a rapidly growing research field that aims to from RGB-only have also shown very accurate and robust results at
estimate the 3D pose and shape of hands captured from the real tracking single hands [5-7]. However, we argue that the use of hands
world. One of the main motivations for solving this task is to provide as a natural HCI interface requires methods that are capable of tracking
a natural interface for human-computer interaction (HCI) problems. the two hands in interaction from a single RGB camera. Unfortunately,
For instance, traditional interactions in Virtual Reality (VR) applica- very few works exist that tackle the two-hand tracking scenario [8-10]
tions rely on hand-held controllers, which limit the visualization of ~ and, despite the promising results, they all share a common limitation:
hand movements. Hand tracking enables a more natural and intu- residual errors in depth, shape, or hand pose estimation prevent the

accurate detection of hand-to-hand contacts.

To circumvent these shortcomings, in this paper, we propose an
image-based method to estimate hand-to-hand contacts from a single
RGB image. Our method builds on top of existing two-hand tracking
solutions, enriching them with a camera-space probability map of hand
contact. We argue that framing the hand contact problem on top of the
3D hand tracking problem provides many advantages: first, it enables
the detection of contact even when 3D tracking is inaccurate, for
example, due to errors in global pose estimation which produce 3D
hands that do not touch in hand interaction motions; second, it makes

itive interaction with virtual environments, allowing users to directly
manipulate objects, perform gestures, and express themselves without
physical controllers. Additionally, seeing and using one’s own hands
in VR enhances presence and immersion, making the experience more
engaging and relatable. However, hand tracking is a highly challenging
task due to natural self-occlusions, the similar appearance between
the two hands, and the numerous degrees of freedom that must be
estimated to recover hand motion”. To tackle the grand challenge of
tracking hands, many methods have been proposed. To simplify the
problem, most of them focus on single-hand pose estimation, which has
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Fig. 1. Given a single RGB image of two hands in interaction, our model infers camera space 2D contact maps (in orange) that encode the pixels where the two hands are in
contact. We demonstrate that our contact maps can be plugged into 3D hand tracking frameworks to improve accuracy.

our solution compatible with any existing two-hand tracking solution,
for example, it can be plugged into either depth-based [11] and RGB-
based [8] methods; and third, it can potentially be used as a new
term in optimization-based methods for two-hand tracking, similar to
other object-human contact terms that enforce soft constraints in the
tracker [12].

We formulate our method as an image-to-image translation prob-
lem. Assuming a single RGB image as input, we first estimate pixel-
to-surface correspondences [13] through a state-of-the-art 3D hand
tracking method [9]. We then use a UNet architecture to translate
the pixel-to-surface image into a probability contact map image. Since
our network takes as input a pixel-to-surface encoding, it is agnostic
to scene lighting conditions, shadows, and camera sensor modalities,
which typically hinder the generalization of RGB methods.

To train our method, we propose a new pipeline to automatically
annotate dense surface contacts in hand interaction sequences. To this
end, we first use a commercial depth-based hand tracker to capture
a collection of hand interaction sequences. We then fit a parametric
surface hand model [14], and feed the resulting hand mesh sequences
into a physics-based simulator [15]. This allows us to automatically de-
tect and annotate per-vertex collisions, which we use to render ground
truth contact maps for a variety of viewpoints. Additionally, for each
frame, we also render ground truth pixel-to-surface correspondences
automatically provided through the UV parameterization of the hand
mesh. Finally, using a large dataset of pairs of pixel-to-surface images
and contact maps, we train our UNet network. Notice that in this work
we opt for not leveraging existing pretrained models for two reasons:
first, pretrained models such as VGG [16] or ViT [17] are trained on
very large datasets of RGB images obtained from real-world obser-
vations, however we design our pipeline to work non-photorealistic
4-channel images that store custom pixel-to-surface correspondences
(i.e. DensePose [13]) and segmentation. We believe the significant
difference in data distribution between our representation and natural
images hinders the use of existing pretrained models as a useful prior:
and second, we want to keep our model as light as possible. Recent
Large Multimodal Models (e.g., LLaVA [18], CogVLM [19]) are capable
of accurately parsing, understanding, and encoding real-world images,
but require billions of parameters and large GPUs. In contrast, our
method can run in desktop GPUs with less than 4 GB.

Through an exhaustive evaluation, we qualitatively and quantita-
tively demonstrate that our method is able to predict hand-to-hand con-
tact labels with an accuracy higher than existing methods. In summary,
our main contribution is twofold:

+ To the best of our knowledge, the first method to explicitly learn
to detect dense hand contact from RGB images, which can be
plugged into any two-hand tracking framework.

« A pipeline to annotate dense per-vertex surface contacts in real-
world sequences of two-hand interactions.

2. Related work

Single Hand 3D Tracking. The problem of tracking a single hand
is nowadays a mature topic in the Computer Vision community. Pio-
neering works use multi-camera [20,21] or marker-based setups such as
color gloves [22] to facilitate the detection of hand joints. Most of the
early works use optimization-based [1,21,23] solutions that required
solving an iterative process at each frame, which typically hinders
interactive frame rates at runtime. To increase the robustness and
performance of optimization-based methods, data-driven solutions such
as random forests [1,3,24] or deep neural networks [25,26] have been
proposed. These are used to guide or initialize the optimization process.
More recently, leveraging the huge improvements in learning-based
strategies enabled by Convolutional Neural Networks (CNNs), end-to-
end single-hand methods for 3D pose estimation have appeared [5—
7,27,28]. Self-supervised learning strategies have also been proposed
by leveraging continuous hand motion information [29]. We also use
a CNN in our method but, instead of estimating 3D hand joints, we
estimate dense surface contacts.

Two-Hand 3D Tracking. Very few methods exist that tackle the
challenging two-hand tracking problem. Oikonomidis et al. [30] in-
troduced one of the first attempts, which uses a multi-camera setup
to circumvent the challenges caused by the unavoidable strong self-
collisions. A few follow-up works also use multi-view setups [31,32]
and markers to ease the two-hand tracking problem, while others
investigated the use of single depth sensors [11,33] which simplifies
the setup but also provides sufficient cues to resolve depth ambiguities.

Closer to ours are the recent methods that consider a monocular
RGB image as input. Wang et al. [8] introduce one of the first methods,
which combined learned pixel-to-surface predictions with model-fitting
to estimate the pose and shape of the two hands. Concurrently, Moon
et al. [10] proposed a method that directly predicts 3D hand joint
positions from RGB images. Follow-up works attempt to model the
inherent depth ambiguity by explicitly modeling a visibility term [34],
or by using probabilistic models for hand part segmentation [35] 3D
pose [36]. Recent works [37] rely on coarse two-hand 3D keypoints as
input to resolve such depth ambiguities. The method of Li et al. [9] uses
a graph representation combined with attention modules to infer ver-
tex positions of two interacting hands. Finally, the state-of-the-art Yu
et al. [38] introduced ACR (Attention Collaboration-based Regressor),
which reconstructs two interacting hands from a single RGB image by
disentangling and reasoning the features of hands and parts. Despite
the tremendous advances in 3D hand tracking of two hands from RGB,
these methods suffer from residual errors in depth estimation that
prevents the computation of accurate hand contacts.

Contact from RGB. Our work is also significantly related to the
methods that, instead of just estimating hand poses, focus on estimating
hand-object contact [39-42]. This problem has been addressed by
data-driven pipelines that leverage large annotated datasets of hands
manipulating rigid objects [43-45]. However, most of these methods
estimate hand contact given 3D information of the scene or the target
object [44,46]. Instead, we attempt to estimate camera-space contact
labels for two hands without using any additional cue or annotation.
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Fig. 2. Overview of our method to detect hand-to-hand interaction from RGB images. We first propose a pipeline to automatically annotate hand-to-hand contacts in sequences
captured with a depth camera, which we use to create a dataset of pairs of surface-to-pixel correspondences and their contact map (top). At run time, we predict the 3D pose of
each hand using a state-of-the-art method [9], but this often fails in capturing a global pose, which prevents hand contact estimation. We render the pixel-to-surface correspondences

of the tracked hands and use our network to infer the accurate contact map (bottom).

Closest to us are the few methods that estimate contacts directly
from RGB images. For example, Fieraru et al. [47] learn to estimate
coarse subject-to-subject labels using a manually annotated dataset
of human interactions. Huang et al. [48] are able to predict dense
per-vertex contact labels by exploiting image information, without
reconstructing 3D poses or 3D bodies.

3. Method

Our primary goal is to predict dense contact labels to augment the
information inferred by a 3D hand pose estimation method when recon-
structing two interacting hands from in-the-wild RGB images. To this
end, we propose to use a strategy based on a popular image-to-image
translation network [49]. Importantly, instead of working directly on
RGB images, we first convert them into pixel-to-surface correspon-
dences. This helps to circumvent many challenges related to in-the-wild
imagery (e.g., lighting, shadows, background, etc.). Therefore, our
system learns to convert estimated pixel-to-surface correspondences
into contact probability maps.

Fig. 2 presents the different steps of our approach, which we de-
scribe in detail in the rest of this section. We first construct a dataset
(Section 3.1) by simulating a wide variety of interaction sequences
using a state-of-the-art hand simulator [15], and subsequently train our
model (Section 3.2). At inference time (Section 3.3), we use a state-of-
the-art method [9] to reconstruct the pose and shape of both hands but,
as will be shown later, it sometimes fails at providing 3D hand poses
that are in contact due to the depth ambiguity. We therefore render
the hand poses using their color-coded dense correspondences and feed
them into the network to infer the corresponding contact probability
maps. Finally, we demonstrate that our contact maps enable us to
refine the estimated hand poses by state-of-the-art hand tracking [9]
to improve the 3D contact accuracy (Section 3.4).

3.1. Dataset generation

We require a dataset containing several sequences with two inter-
acting hands and their corresponding contact labels. To the best of
our knowledge, existing datasets in the literature, such as MSRA [50],
which primarily focuses on single-hand tracking, or ARCTIC [51],

which primarily focuses on hand-object interactions, do not fit our
needs. Therefore, we first capture hand motion data using a commercial
depth sensor [52] and then fit the MANO [14] parametric surface
model to the captured motions to generate sequences of hand meshes
in interaction. Following, we feed these meshes into the physics-based
hand simulator CLAP [15], which was extended by Mueller et al. [11]
to handle pairs of hands. This finally allows us to compute per-vertex
contact labels. We captured 26 sequences to which we fitted the 3D
hand models and performed physics-based simulations. Subsequently,
each sequence was rendered at 30 frames per second (FPS), resulting
in between 1800 and 3600 frames per sequence. This amounted to a
total of 3.8 x 10° frames, all rendered at a resolution of 256 x 256
pixels. Additionally, at train time, we augment the data by generating
10 random rotations ranging between —100 and 100 degrees. For each
frame, we generated two kinds of information: a pixel-to-surface map,
which will be used as input to the network; and a binary mask with ones
at the pixels where we have detected contact, which will be used as the
prediction target. We use the pixel-to-surface map N : 2 — [0, 1]* from
Mueller et al. [11] that assigns each pixel in the image domain £ a color
[0,1]* where the first 3 channels encode the dense correspondence to
the hand surface and the last channel serves as a segmentation mask
where 0 indicates the right hand, 0.5 the left hand and 1 indicates
that the pixel does not correspond to any hand. Fig. 3 depicts some
samples of our training set, overlaying the contact map labels on top
of the pixel-to-surface image.

3.2. Network details

We learn to generate a binary mask that highlights regions with
inter-hand contact in image space. For this task, we use an adapted
version of the image-to-image translation network UNet [49], an archi-
tecture consisting of an encode-decoder scheme with skip connections.
We take the Pytorch implementation by Buda et al. [53] as a reference.
This uses 32 initial feature channels, which are doubled at each of
the four levels on the multi-resolution pyramid. Each convolutional
block consists of two 3 x 3 convolutions+activation followed by a
max-pooling (left side of the pyramid) or upsampling (right side of the
pyramid) units. We also use LeakyReLUs with a negative slope set of
0.1 and upsampling deconvolutions with bilinear upsampling units.
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Fig. 3. Sample frames from the simulated sequences of our train set, with overlay
ground truth contact map in red. Our dataset includes a wide variety of hand poses
and interactions.
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Fig. 4. Error values for our train and validation sets during training. An iteration in
the horizontal axis corresponds to 250 batches of 8 images.

Our network takes a 4-channel image as input, consisting of the en-
coded hand dense-correspondences (i.e., the pixel-to-surface encoding)
and the hand segmentation mask, and predicts a contact probability
map. To train our network, we use the standard binary cross-entropy
loss to compare against the ground-truth contact maps together with an
Adam optimizer, with a learning rate 10~* and a batch size of 8. Fig. 4
depicts the loss curve while training, for train and validation sets.

3.3. Inference

At inference time, we can use any commercial RGB camera to
capture sequences of an individual performing interactions with his or
her hands. To provide an initial estimation of the hand tracking, we
can use any state-of-the-art method for simultaneous two-hand tracking
on the frames from the input sequences (e.g. [9]), and then convert
the tracked sequences to MANO [14] representation. We render the
corresponding hand meshes, from the same camera viewpoint, using a
texture that encodes the surface-to-pixel color-coded correspondences.
The rendered images are fed into the trained network which yields the
desired contact maps.

3.4. Application: Global 3D hand pose optimization

Our inferred contact maps open the door to many downstream tasks
in the area of hand tracking and human-computer interaction, where
detecting accurate contact is crucial. To showcase a potential approach,
we have used inferred maps to improve the accuracy of state-of-the-art
3D hand tracking methods with respect to 3D contact detection. To this
end, starting from the 3D hand poses estimated with Li et al. [9], we
optimize the global 3D position (e.g., 3 DOFs) of the hand closest to the
camera such that the vertices within the areas where contact is detected
(in camera space) are in contact in 3D space. This effectively refines the
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hand positions estimated with state-of-the-art methods, estimating 3D
hand poses that are in actual contact.

Results of this downstream task are showcased in the supplementary
video and Fig. 8 (right), where we demonstrate the effectiveness of
our method for optimizing the global 3D pose of hands tracked in
real-world sequences.

4. Evaluation and results

We qualitatively and quantitatively evaluate our method in both
synthetic scenes and real scenes. For each scene, we compare the
detected two-hands contact using our method and the state-of-the-
art method of Li et al. [9]. We also implement a straightforward
RGB-only baseline consisting of a UNet network that directly predicts
camera space contacts from RGB (i.e., without using pixel-to-surface
estimation). As a contact metric, we use True Positive Rate (TPR), True
Negative Rate (TNR), and ROC curve. A pixel is labeled as a contact if
the predicted probability is higher than a threshold z,,. We consider
a true positive a pixel that is labeled as contact and is predicted as
contact; a true negative a pixel that is predicted as no contact and
is labeled as no contact; a false positive a pixel that is predicted as
contact and is labeled as non-contact; and a false negative a pixel that
is predicted as non-contact but it is labeled as a contact.

4.1. Evaluation on synthetic data

To evaluate our method on synthetic data, we need a collection
of hand interaction sequences with ground truth contact annotations
and photorealistic 3D renders. To this end, we first capture data using
Leap Motion [52] hand tracker and then convert the tracked skeletons
into MANO [14] mesh representation. We then feed hand meshes into
a physics-based simulator [15] that automatically computes ground
truth contact maps. Finally, we also render the hand meshes using a
photorealistic texture and background images. Fig. 5 (left) presents
a few frames of a synthetic test sequence, with ground truth contact
labels overlayed on top.

To test our method with these synthetic sequences, we first estimate
the 3D hand pose of the two hands [9] and render the reconstructed
meshes using a pixel-to-surface texture map. We then feed the renders
into our network to estimate contacts. Fig. 5 shows representative
frames of our results and compares them with ground truth contacts,
the RGB-only baseline, and contacts computed using the output of
the state-of-the-art 3D hand tracking method by Li et al. [9]. As it is
obvious from the side view renders, the method of Li et al. can fail at
providing a reliable 3D global pose, which precludes the computation
of hand contact based on the regressed 3D information. Also, as can
be seen in the figure, the RGB-only baseline mostly predicts noisy or
weak contact signals. In contrast, our image-based method is capable
of estimating dense contact maps that match the input image. Finally,
the right column shows the result of optimizing the global hand pose
using the inferred contact maps, which effectively computes 3D hand
poses that are in actual contact.

We also conducted a quantitative evaluation of our method assum-
ing ground truth 3D hand poses. This is an important test that allows
us to disentangle the errors of our approach from the errors of the
3D hand-tracking method that we build upon. To this end, we render
ground truth pixel-to-surface sequences of simulated hand interacting
sequences, and the corresponding segmentation map, and pass it to our
network. We then compute the F1 score of the output contact maps and
compare it to the ground truth labels. Fig. 7 depicts this evaluation
over 600 frames of the test sequence, demonstrating consistently high
F1 values that highlight the precision and robustness of our method.

Finally, in Fig. 6 we show representative test frames of our dataset.
This demonstrates that our approach generalizes to unseen hand poses
at test time.
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Fig. 5. Comparison to [9,38] and the RGB baseline on synthetic data, each frame with a zoom-in inset to contact area. Global 3D errors in [9,38] (6th and 7th columns, notice
colliding or too separated hands) prevent the detection of contacts using the method of [9] (3rd column) and [38] (5th column). In contrast, our method (2nd column) closely

matches the ground truth contacts (I1st column, automatically annotated using simulation [15]), which can be used to optimize the global 3D position (8th column). Notice all
colormaps were generated for values larger than 0.5 (for the RGB Baseline most values were under this threshold).
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Fig. 6. To evaluate our approach, we show qualitative results on our test set. For this experiment, we use the ground truth pixel-to-surface image directly as input to our method

(i.e., no hand tracking). This allows us to disentangle residual errors due to tracking issues. Results demonstrate that our predicted contact maps (bottom) closely match the ground
truth (top).
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4.2. Evaluation on real data we quantitatively evaluate our results on real-world data captured from

a desktop webcam and a mobile phone camera. To this end, we record
hand sequences of interacting hands and manually annotate ground-
truth contact maps using an interactive tool where users paint contact

To showecase that our approach generalizes to unseen poses and nat-
ural images with uncontrolled lighting captured with various sensors,
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Fig. 7. Quantitative analysis of the predicted contact maps of our method on synthetic
data.

on top of each frame. In total, we annotate 6540 frames captured
with two different RGB sensors. Importantly, notice that none of the
manual annotations were used to train our model, they are only used
for evaluation purposes, since our method is solely trained on synthetic
contact maps that are computed automatically using our physics-based
hand simulator driven by motion captured data.

Fig. 8 presents a qualitative evaluation of representative frames of
our method in a real-world test sequence. Results demonstrate that our
predictions closely match the ground truth annotations, while the state-
of-the-art method of Li et al. [9] and Yu et al. [38] cannot infer contact
due to errors in global pose estimation. To highlight such errors, we
show side views of the Li et al. [9] and Yu et al. [38] predictions, where
it is very noticeable that hands are not in contact. In contrast, using our
predicted camera-space contact maps enables the optimization of the
global pose of the hand, yielding a correct 3D global pose estimation
with accurate contact (right column). Additionally, for completeness,
we show contact maps inferred with an RGB-only baseline (i.e., not
using dense pose estimations as input to the network), which fails to
predict accurate labels in most of the cases.

To evaluate our approach under a different lighting condition, we
captured and annotated two additional real-world sequences, shown
in Fig. 10, and report quantitative evaluations in Table 1 and Fig. 9.
Our approach consistently overcomes the competing methods, yielding
a True Positive Rate (TPR) 56% for our method, 8% for the method
of Li et al. [9], and 1% with the RGB-only baseline, using a threshold
of 0.40. Additionally, the ROC score for our method is 0.96, 0.55 for
the method of Li et al. and 0.84 for the RGB-only baseline, which
clearly highlights the superiority of our approach. Note that, for fairness
in these quantitative analyses, we use thresholds different from 0.5,
as otherwise, there were no predicted positive contacts for the RGB
baseline. Thus, for each experiment, we selected the threshold closest to
0.5 that would produce some contact using the RGB baseline method.
These results demonstrate that, regardless of the scene conditions, the
contact accuracy of our method consistently outperforms the contacts
detected using the 3D hand tracking method of Li et al. [9], Yu
et al. [38], and the RGB-only baseline.

4.3. Qualitative results

For completeness, in the supplementary video and Figs. 1 and 10
we also show qualitative results of our method for a variety of subjects
and sensors. Overall, our results demonstrate the success of our method
in the challenging problem of estimating contact between two hands.
To the best of our knowledge, our approach is the first to tackle this
problem directly from RGB images.

Computers & Graphics 128 (2025) 104200

Table 1
Quantitative evaluation of the sequence shown in Fig. 10 (middle).
TPR 1 TNR 1 AUC ROC 1 RMSE |

RGB baseline 1% 99% 0.84 0.028
Ours 56% 99% 0.96 0.026
Ours w/o0 seg. 38% 98% 0.92 0.036
Li et al. [9] 8% 99% 0.55 0.033
Yu et al. [38] 5% 99% 0.52 0.026

5. Conclusions, limitations, and future work

Hand tracking is a crucial feature for many mixed reality appli-
cations, enabling a more natural and direct interaction with the vir-
tual environment. When simultaneously tracking both hands, the task
becomes particularly ill-posed due to the numerous degrees of free-
dom that need to be estimated. To the best of our knowledge, we
have presented the first image-based method for camera-space contact
estimation of two interacting hands from a single RGB image. Our
approach builds upon existing state-of-the-art two-hand tracking sys-
tems (e.g., [9]1), which often suffer from residual errors that hinder
the computation of hand contacts. We first render the estimated hand
meshes using a pixel-to-surface texture and feed the renders to an
image-to-image translation network, yielding dense contact labels. Our
estimated contacts consistently achieve higher F1 scores than raw
tracking systems in both synthetic and real scenes. Consequently, we
can accurately estimate contact even when the underlying tracking
fails. A key benefit of our method is that it is designed as a standalone
component, not limited to a specific input sensor or modality. Since our
network takes rendered pixel-to-surface correspondences as input, our
method circumvents many challenges common in real-world images,
such as illumination, sensor noise, or shadows. Finally, we plan to re-
lease the code of the method and the produced dataset upon acceptance
of the work.

Limitations. As with most other learning-based methods, our system
strongly relies on the quality of the training corpus. We believe we
have produced a fairly rich set of training sequences and demonstrated
the network’s generalization capabilities. However, there are still some
residual cases where we fail to predict correct contact labels. For
instance, Fig. 11 shows some of our failure cases.

These failures can stem from two main sources. First, the dataset
mainly consists of frames with both hands interacting, leading to very
few frames with no interaction or only one hand. This can cause the
model to hallucinate contact where there should not be any. Second,
the variety of the training data impacts the model’s predictions, such
as the scale at which hands are captured. To address this, images are
cropped to the region of interest around the hands to homogenize the
scale. Additionally, we took measures such as altering hand shapes
and aggressive data augmentation by rotation to enhance robustness.
However, limitations remain; for instance, we limited the rotations
to the image plane, whereas we could have also produced arbitrary
3D rotations since all our training data are 3D meshes that are later
rendered to 2D.

Another limitation of our method is that it relies on the quality
of the underlying tracker, to some extent. While we aim to solve the
situations where the tracker cannot infer contact due to the depth
ambiguities for the hands, our method will not work if the tracking
is very unstable or estimates 3D poses that significantly differ from the
observations.

Future work. We are currently considering multiple lines for future
work. First, we want to investigate whether it is also possible to infer
the forces involved in the interaction. Since we leverage a physics-based
simulator to generate data, we can also generate labels for external
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Fig. 9. Quantitative evaluation of the real sequence shown in Fig. 10 (center).

contact forces (e.g, magnitude, direction) and we could try to learn
them. Second, at the moment our pipeline runs at interactive rates
(3-5 fps) but does not achieve real-time performance. Improving the
performance of each of the steps of our system is required to speed up
the system. Finally, our method heavily depends on the initial 3D poses
estimated by the baseline state-of-the-art hand tracking method. Future
research should look into relaxing this dependency.
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Fig. 10. Qualitative results of on real-world test sequences of different subjects and different lighting conditions. Our method predicts contact maps for a wide variety of hand-hand

interactions directly from single RGB input.

[3]

[4]

[5]

Fig. 11. Failure cases of our approach. Our method sometimes gives false positives if
only one hand is partially visible (left) or in very ambiguous hand interactions (center).
Finally, our method sometimes struggle with heavily occluded and articulated hands
(right).

[6]
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Appendix A. Supplementary data 8]

Supplementary material related to this article can be found online [9]
at https://doi.org/10.1016/j.cag.2025.104200.
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