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Abstract

Most model-based 3D hand pose and shape estimation
methods directly regress the parametric model parameters
from an image to obtain 3D joints under weak supervision.
However, these methods involve solving a complex opti-
mization problem with many local minima, making train-
ing difficult. To address this challenge, we propose learn-
ing direction-aware hybrid features (DaHyF) that fuse im-
plicit image features and explicit 2D joint coordinate fea-
tures. This fusion is enhanced by the pixel direction infor-
mation in the camera coordinate system to estimate pose,
shape, and camera viewpoint. Our method directly predicts
3D hand poses with DaHyF representation and reduces jit-
tering during motion capture using prediction confidence
based on contrastive learning. We evaluate our method on
the FreiHAND dataset and show that it outperforms exist-
ing state-of-the-art methods by more than 33% in accuracy.
DaHyF also achieves the top ranking on both the HO3Dv2
and HO3Dv3 leaderboards for the metric of Mean Joint Er-
ror (after scale and translation alignment). Compared to
the second-best results, the largest improvement observed
is 10%. We also demonstrate its effectiveness in real-time
motion capture scenarios with hand position variability, oc-
clusion, and motion blur.

1. Introduction

Estimating 3D hand pose and shape from monocular RGB
images or videos is a critical research area in computer vi-
sion and graphics. It enables human-machine and human-
environment interactions for various scenarios such as
AR/VR, HCI and digital human. However, it is challeng-
ing due to depth ambiguity, motion blur, severe occlusion,
low resolution, etc.

There are two categories of methods for 3D hand pose
estimation: model-based and model-free. Model-based
methods [24, 35, 59, 60] use parametric hand models as
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the proxy reoresentation. Model-free methods [4, 17, 30,
44, 58] directly predict the 3D coordinates of hand joints.
The advantage of the former over the latter is that they can
use prior information from parametric models to avoid un-
reasonable prediction parameters. However, predicting 3D
joint rotation from 2D RGB images is a highly non-linear
process for neural networks, which causes pixel misalign-
ment in model-based methods.

Some methods propose to involve 2D joint coordinates
to improve 3D regression accuracy and 2D-3D consistency
[2, 7, 56]. However, most of them are not end-to-end be-
cause they require pre-training a 2D hand keypoint detec-
tor on a separate dataset. The accuracy of these methods
depends heavily on the performance of the pre-trained de-
tector and the quality of the dataset. Furthermore, their 2D
joint features are mainly expressed as heatmaps which have
large quantization errors in small and low-resolution targets.
In order to reduce quantization errors, a regression-based
end-to-end high-precision 2D keypoint detector that can be
jointly optimized plays an important role in improving over-
all motion capture accuracy.

Directly regressing joint coordinates is a translation-
dependent task. The CoordConv [31] method is proposed
to deal with the translation invariance problem in the coor-
dinate regression task with convolutional networks. Coord-
Conv improves detection accuracy by adding correspond-
ing channels to the input feature map of the convolution.
These channels represent the coordinates of the pixels in
the feature map, allowing the convolution learning process
to perceive coordinates to some extent. However, Top-down
3D hand motion capture is a two-stage task. The hand is
center-cropped and resized before being sent to the network.
The coordinate encoding method of CoordConv cannot deal
with 3D ambiguity. Encoding under the feature map coor-
dinate system loses the hand position information in the full
frame of the video, and does not improve the 3D estimation
much.

A common problem in monocular video motion capture
is the smoothness between frames. Since the hand targets



have a relatively large range of motion in the entire frame,
there may be problems with low resolution and motion blur.
Time-domain filtering can effectively improve the smooth-
ness between frames. However, the tracker may lose the
target, resulting in poor-quality hand-image input to the net-
work, which may cause false positives to the filter. A better
idea is to get the confidence of each frame of the motion
capture result. For those whose confidence is lower than
a threshold, the result of high confidence in the previous
frame can be used as the replacement. This can improve fil-
ter performance and alleviate the jittering and flipping prob-
lem.

Motivated by the above observations, we present an end-
to-end representation learning with direction-aware hybrid
features (DaHyF) to improve the accuracy of 3D hand pose
and shape estimation. The direction-aware hybrid features
are a fusion of implicit image features and explicit 2D joint
coordinate features. To reduce quantization errors and ob-
tain high accuracy 2D joint coordinates, we design an end-
to-end sub-pixel coordinate predictor that can be jointly op-
timized. To alleviate the problem of weak spatial perception
ability caused by the translation invariance of convolutional
networks and to improve the model’s ability to regress 2D
coordinates and 3D rotations, we develop a global direc-
tion map module. To avoid jittering and flipping caused
by false positives, we propose a scheme of motion capture
confidence calculation based on contrastive learning. The
end-to-end training pipeline enables joint optimization us-
ing various datasets to improve the accuracy of each mod-
ule and achieve more pixel-aligned 3D pose and shape esti-
mation without an additional detector. Our method signif-
icantly outperforms current state-of-the-art methods on the
FreiHAND [59], HO3Dv2 [12] and HO3Dv3 [13] datasets
according to various evaluation metrics.

Our main contributions are summarized as follows:

e We design a 2D+3D end-to-end joint optimization
framework with hybrid implicit image features and ex-
plicit joint coordinate features. Our sub-pixel coordinate
classifier costs fewer resources and has smaller quanti-
zation errors compared to heatmap-based methods. The
end-to-end pipeline allows us to jointly optimize 2D and
3D coordinates, building a complete contrastive learning
strategy to generate prediction confidence and achieve
mutual promotion between 2D and 3D pose estimation.

e We propose a global direction map to enhance the spa-
tial perception of convolutional networks. This module
avoids the translation-agnostic problem and significantly
improves both 2D and 3D pose estimation performance.

e We present a motion capture confidence calculation
scheme based on contrastive learning. It effectively uti-
lizes non-hand patch information to reduce false pos-
itives and improve the robustness and smoothness in
video motion capture.
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2. Related Work
2.1. 3D Hand Pose and Shape Estimation

3D hand pose and shape estimation methods can be gener-
ally divided into two types: model-based and model-free.
Model-based methods typically use a parameterized hand
model [1, 20, 40, 49] as a differentiable layer in a neural
network to estimate shape and pose and map them to a trian-
gle mesh and joint coordinates. Pose and shape are weakly
supervised by supervising joint coordinates and the mask of
rendered results. Since the parameterized model contains
prior information about hand structure, this approach has
the advantages of reducing the number of parameters, im-
proving robustness, and reducing artifacts. However, there
are also disadvantages: the parameters of the parameter-
ized model are weakly supervised, resulting in difficulties
in achieving pixel-aligned results, and the optimization pro-
cess is more likely to fall into local minima [26]. Model-
free methods [8, 23, 34] do not require a predefined hand
model and attempt to learn a mapping from the input image
or depth data to pre-defined kinematic joints via an end-to-
end network. They directly regress 2D/3D keypoint coor-
dinates and calculate joint rotations using inverse kinemat-
ics. These methods generally achieve more pixel-aligned
results compared to model-based methods, but they may
suffer from noise and occlusion, resulting in artifacts due
to the lack of hand prior information.

Our method combines the advantages of both approaches
by additionally fusing coordinate features with image fea-
tures to assist in regressing parameters of the parameterized
hand model

2.2. 2D Hand Keypoint Estimation

2D hand keypoint estimation aims to locate the 2D coordi-
nates of hand keypoints from images. This is usually done
in a top-down manner because hand targets are generally
small in the whole images. The top-down paradigm em-
ploys a two-step procedure that first detects hand bounding
boxes and then performs single hand keypoint estimation
for each bounding box. Top-down approaches can be cat-
egorized into regression-based [25, 39, 50] and heatmap-
based [46, 51, 52, 54]. Regression-based methods directly
regress the keypoint coordinates from the image, which are
efficient and show promising potential in real-time applica-
tions, but they fail to provide a probability distribution for
multiple candidate positions. To overcome the shortcom-
ings of direct coordinate regression and make coordinates
more suitable for regression by a convolutional neural net-
work, heatmap-based joint representations have been pro-
posed [38], which output the keypoint positions as the peak
values of heatmaps or confidence maps. The advantage of
this type of methods is that it can provide a probability dis-
tribution for multiple candidate positions, but due to the
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Figure 1. Overview of DaHyF. A hand region is cropped, resized and encoded as a local implicit feature map, which is then fused
with a global direction map calculated from the hand bounding box. The fused features are used to detect 2D hand keypoints Joq in
sub-pixel accuracy, which are positionally encoded (PE) with sinusoidal signals to build a joint feature vector. The pooled implict F7,
and the encoded explict Jo4 are concatenated to form our direction-aware hybrid feature (DaHyF) vector. This DaHyF vector is used to
regress hand pose, shape, and camera parameters. Finally, 3D keypoints are obtained based on the MANO model [40] and projected to 2D

coordinates J3;° for confidence computation with Ja4.

quantization errors, heatmap-based methods do not perform
well in low-resolution scenarios [27], especially for small
and severe motion blur targets such as hands.

Our method is regression-based and uses a sub-pixel co-
ordinate classifier to reduce quantization errors.

2.3. 3D Pose Confidence

Many works have proposed predicting pose confidence to
promote the robustness and accuracy of networks. [3] uses
a 2D pose detector to provide a confidence value for each
joint, with undetected joints having a confidence of zero.
[48] builds a multi-view 2D part confidence map to track
3D skeletons in the presence of missing detections, sub-
stantial occlusions, and large calibration errors. [43] gener-
ates confidence-scored 3D proposals for several body joints
by reprojecting the classification result and finding local
modes. [11] targets the problem of inaccurate confidence
values predicted by CNNs and takes pairs of pose masks
rendered from a 3D model and crops regions in the original
image as input to calibrate the confidence scores of the pose
proposals. Most of these methods operate at the granular-
ity of each joint, with confidence used to find the highest
scoring result among many candidates or to judge the prob-
ability that the current joint is occluded.

In video motion capture, the accuracy of individual joints
is important, but the overall hand pose has the greatest im-
pact on the visual effect because it affects the smoothness
of the motion capture process and whether there are sud-
den jittering or other abnormal mutations. Our method is
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designed to take into account all hand joints and output the
confidence of the current frame’s motion capture result to
alleviate jitter and flip caused by false positives, which can
improve the robustness and smoothness of video motion
capture.

3. Method

This paper presents a single-view 2D+3D end-to-end joint
optimization framework with direction-aware hybrid fea-
tures for hand motion capture. It provides comprehensive
spatial information for the model-based approach and im-
proves the pixel-alignment of hand motion capture. To
achieve this, as shown in Figure 1, the framework has three
components: (1) a global direction map, which encodes
global direction information into an implicit image feature
map to boost spatial perception capabilities of convolution
layers, (2) sub-pixel joint coordinate classification, which
predicts sub-pixel coordinate for each joint to reduce the
quantization error, and (3) Positional Encoding (PE), which
maps each coordinate into a high-dimensional space. The
encoded 2D joint coordinates are fused with the implicit
image features, which are then fed to the regressor to esti-
mate MANO [40] parameters. We also present a scheme for
motion capture confidence calculation based on contrastive
learning, which can improve the robustness and smoothness
of the output video.



Figure 2. The input image features of a and b are very similar after
cropping and resizing the hand patches. From their local direction
maps, we can see that they are identical under the input image
feature coordinate space. Thus, the local direction maps do not
help CNN distinguish a from b, and it is difficult to regress the
global 3D pose information of the hands with respect to the camera
coordinate system.

3.1. Hand Encoding

Given an image or a video frame I, € R?*W containing
hands, we first crop square hand patches I € R%***3 and
resize them to s, X s,,. Here, s; is the patch size and s, is
the network input size equals to 224. We also flip all the
left hand patches to the right. Then, we use convolution
layers to extract shared low-level semantic features. Thus,
the hand is represented by an implicit image feature map F.

3.2. Direction Map

Convolutional neural networks (CNNs) are very successful
in various visual tasks due to their translation invariance.
However, this advantage becomes a defect in tasks that in-
volve translation dependence, such as coordinate modeling,
and potentially affects the final model performance [31].
One way to improve the accuracy of coordinate regression
is to add a direction map to the feature map, which enables
the latter convolution process to perceive the spatial infor-
mation of the features. The traditional approach generally
builds the direction map under the local coordinate space of
image features. We define s as the size of the image feature
map F. The local direction map L,, has the same size as
F. Each channel contains either row coordinate i € [0, s]
or column coordinate j € [0, s¢] under the local space of
F'. The origin is located at the upper left corner of F'. The
fused feature map is the concatenation of F' and L,,.

In our experiments, we find that the local direction en-
coding improves the estimation of 2D joints, but it does not
enhance the 3D joint accuracy due to the ambiguity of the
camera pose in 3D space. Compared with the body, the
hand movement in the video is more flexible. As illustrated
in Figure 2, the hand can appear in different positions of the
frame, after cropping and resizing, the caculated local di-
rection maps are the same, and they cannot help CNN dis-
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tinguish them. Therefore, it is hard to regress the 3D infor-
mation of these hands with respect to the camera coordinate
system.

To address this issue, we propose the global direction
map, as illustrated in Figure 3. First, given a pixel coordi-
nate P} in the image feature map, we calculate its corre-
sponding pixel coordinate P} under the resized hand patch:
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Then, we calculate the corresponding global coordinate
P! under the frame space:
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where P, is the upper left corner’s coordinate of the hand
patch [ in the global frame space, and O is the origin located
at the center of the frame.

To better estimate the joint rotation angle, we normalize
the global coordinate P, into a direction vector P} in the
camera coordinate system based on the focal length f, i.e.,
P = P_g /f, similar to the definition of the direction vector
in NeRF [33]. In practice, if f is unknown, we set it to

H? + W2, where H and W are the height and width of
the frame.

Give the image feature map with all pixel coordinates
{P}}, we can obtain all their corresponding direction vec-
tors {Pi}. Let P = (z%,y}). We construct the global
direction map as follows: We first form two channels: one
with all the {z%,} and the other with all the {y’,}. Then we
copy them to form the global direction map such that it has
the same channel number as that of the image feature map
F' (see Figure 3).

3.3. Joint Feature Fusion

2D Joint Estimation. The resolution of hand patches is
usually low. This makes the traditional Gaussian heatmap-
based methods unsuitable for coordinate regression due to
quantization error. Therefore, we draw inspiration from
SIMCC [27] and transform the coordinate estimation into
a classification task. This can improve the localization ac-
curacy of hand keypoints under low resolution. We apply
a series of convolution operations on the image feature F},,
(see Figure 1) to obtain the representation F}, € R21*56x56
with 21 hand keypoints. Define n; (or n,) as the num-
ber of class labels, where n, = s, X s, ny, = s, X s,
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Figure 3. Global direction map construction. First, we calculate P from P}, then Pg from P} and P (not shown here) from ng, and

finally form the global feature map from P} = (z%, y5).

and s > 1 is a pre-defined scale for controlling the quan-
tization error to improve the sub-pixel positioning accuracy
(s is set to 3 in this work). The numbers of bins for the
horizontal and vertical axes are n, and n,, respectively.
The horizontal coordinate classifier and the vertical coor-
dinate classifier predict the k-th keypoint {f¥, f¥}, where
k=1,2,..,21, and f¥, f¥ € R"*. Let the ground-truth

labels be {J;’g ) JZj} We train the network by smoothing
the classification labels with 1D Gaussian and minimizing

the KL divergence between {7, 7k} and {fF, '}, where

{Jx, J »} is the smoothed result of {JE, j{j} Then we con-
vert the network output { /¥, ¥} to Jog € R***! through
soft-argmax to obtain the predicted 2D keypoint coordi-
nates: Jog = {Lsoft-argmax(f¥), %soft-argmax(f!f))}.
2D-3D Joint Features Fusion. To better combine the 2D
joints with the direction-aware feature map F,,, we use a
position encoding (PE) method similar to NeRF [33], which
maps the coordinates to a high dimensional space and en-
ables our regressor to more easily approximate higher fre-
quency information. The encoding result is as follows:

Joq — {32, 52
R A, ity = PR g
v (p) =75 (p) =
(sin(?lwp),cos(Qlﬁp),...,sin(Qpr),cos(QLWp)), @)

where L is set to 4 in this work. So the encoded coordinates
are {yX(uk), vk (uk)} € R¥*21%(2L) which are then con-
verted to a vector Vpr € R336. We also perform feature
map pooling on F},, to obtain another vector Vf, . Finally,
we concatenate Vpg and Vy to obtained the DaHyF fea-
ture vector (see Figure 1), which is fed to an MLP to regress
the hand pose and shape, and camera parameters.
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3.4. Contrastive Learning for Pose Confidence

The contrastive learning aims to reduce the impact of
non-hand regions on hand pose estimation. We use the
regressor (MLP in Figure 1) to generate the hand pose
6 € R'6%3 (represented in axis angle), shape 3 &
R'9, and weak-perspective projection camera parameters
Pyear (s, tz, ty) € R? with respect to the cropped hand
patch I. Then using MANO with 6 and § as the input, we
obtain the 3D joint coordinates J34, which are projected to
2D joint coordinates J5;°’ by the global perspective projec-
tion parameters that are obtalned based on Peqk [25]

To measure the similarity between Jo4 and J,, Proj we
use cosine similarity as the contrastlve learning criterion.
We first normalize .J54 and JQZ"” by:
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Vg = (Jag % ( p) (2 2))/5 (

Vg ™ = (Jy = C)/si, )

where C' is the center coordinate of the hand patch I un-
der the coordinate system of the frame I, (see Figure 1).
Then all the coordinates in vo4 (Or v2 d 70 ) are concatenated

to form a vector Tyq (or TH 0] ). Finally, To4 and 75, are
used to compute their cosme similarity. '
When the patch I contains the hand, Tyq and Th,” are

considered as a pair of positive samples. We also randomly
crop patches from the frame, and when a patch does not
contain the hand, the resulting U4 and T, °J are considered
as a pair of negative samples. Our goal is to make a positive
pair as close as possible and make a negative pair as far
away as possible. Figure 4 shows the main procedure of this
contrastive learning. During inference, we use this cosine
similarity value as the confidence measure for tidying the
motion capture result. A patch whose confidence is lower
than a threshold is considered as a false positive, and its
hand pose parameters are replaced by those of its previous
nearest hand patch.
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Figure 4. Our contrastive learning procedure.

3.5. Training Objective

The overall training loss, denoted as £, consists of two
components: Lpqckbone fOr backbone training and L. for
contrastive learning. The former includes 5 sub-losses: 2D
branch loss (L24), 3D loss (L34), projected 2D loss (£5)),
MANQO loss (£,,), and bone loss (Lp).

L= £back:bone + [/c- (10)

When 3D labels are available, we optionally apply £,,, and
L34 and use the homoscedastic uncertainty strategy [56] to
adaptively learn the weights of all sub-losses. Lpgckbone 18
defined as:

L L ch Ly L
‘Cback:bone: %d %d'i_ p2d2 +72+7§’ (11)
92 O34 (034) Im T

where 094, 034, O'g 4» Om» and oy, are learned by the strategy
automatically. We use the L1 loss for Lo4, L34, and [,gd,
and the L2 loss for £,,, and £.. The bone loss £, refers to
[24].

4. Experiments

4.1. Implementation Details

We use HRNet-W64 [46] as our backbone to extract the
feature map F' from hand patches. The backbone is ini-
tialized with ImageNet [9] pre-trained weights to leverage
knowledge learned from large-scale image classification.
Our model is trained with Adam optimizer [21] on 4 GPUs
with a batch size of 128. The hand detector is from [32]
and a detected square hand patch is cropped and resized to
224 x 224. We use an initial learning rate of 5 x 10~°
and reduce it by a factor of 10 after 250 epochs out of 500
epochs. we only perform the contrastive learning in the last
100 epochs. To augment our training data, we apply ran-
dom rotation, scaling, and cropping [42]. These techniques
increase the generalization and robustness of our model to
different hand poses and orientations.

4.2. Datasets and Evaluation Metrics

We evaluate our method using three popular 3D hand re-
construction datasets: FreiHAND [59], HO3Dv2 [12] and
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HO3Dv3 [13]. We achieve the top ranking on both the
HO3Dv2 and HO3Dv3 leaderboards for the metric of Mean
Joint Error (after scale and translation alignment).' 2
FreiHAND. FreiHAND [59] is a large-scale mixed real-
world and synthetic dataset based on the MANO [40]
model. It contains 32560 training samples and 3960 test
samples of people performing different hand movements.
This dataset is suitable for evaluating the accuracy and real-
ism of our method to reconstruct realistic hand meshes from
RGB images.

HO3D. HO3Dv2 [12] is a 3D hand-object dataset that con-
tains 66,034 training samples and 11,524 evaluation sam-
ples. HO3Dv3 [13] has more accurate annotations and
more data including 83,325 training images and 20,137 test-
ing images. Evaluation on HO3Dv2 and HO3Dv3 are per-
formed through an online submission website

HanCo. We also use HanCo [60], a dataset that contains
1518 short video clips captured by 8 calibrated and synchro-
nized cameras, for training our model. It consists of 860304
individual frames and can be seen as an extended version
of FreiIHAND [59]. This dataset contains many non-hand
frames, which are suitable for being negative samples for
our contrastive learning.

Evaluation Metrics. We evaluate our method using 3D
joint metrics and 2D joint metrics. For 3D joint metrics,
we adopt procrustes-aligned mean per joint position error
(PA-MPIJPE), procrustes-aligned mean per vertex error (PA-
MPVPE), and mean per joint position error (MPJPE). For
conciseness, PA-MPJPE and PA-MPVPE are abbreviated as
PJ and PV, respectively. They measure the Euclidean dis-
tances (in millimeter) of 3D joint or 3D mesh coordinates
between the predictions and ground truth [19, 22, 23, 57].
Additionally, we calculate the F-Score at specific distance
thresholds, denoted as F@5 and F@15, which correspond
to thresholds of Smm and 15mm, respectively. This score
represents the harmonic mean of recall and precision be-
tween two meshes with respect to the given threshold [6].
For 2D joint metrics, we adopt the average endpoint error
(EPE) [45] in pixels.

4.3. Comparison with State-of-the-Art Methods

We compare our method with current state-of-the-art
(SOTA) works on 3D hand pose estimation. We use the
CLIFF annotator [28] to provide MANO [40] pseudo-GT
for the FreiHAND [59] dataset. This allows us to train
our model with more realistic and accuracy hand shapes
and poses. We evaluate our method against model-based
[6, 7, 10, 18, 24, 28, 35, 36, 41, 47, 55, 59] and model-
free [8, 29, 30, 34] approaches on FreiHAND. As shown
in Table 1, our method achieves significant improvements
over the current SOTA Mesh Graphormer [30] in all met-

THO3Dv2: https://codalab.lisn.upsaclay.fr/competitions/43 1 8#results
2HO3Dv3: https://codalab.lisn.upsaclay.fr/competitions/4393#results



Table 1. Performance comparison with SOTA methods on the Frei-
HAND [59] test set.

Table 3. Performance comparison with SOTA methods on the
HO3Dv3 test set.

Method Venue Pl PV| F@51 F@l51 Method Venue PJ| PV] F@51 F@l51

* Model-free ArtiBoost [53] CVPR’22 10.8 104 50.7 94.6

Graphormer [30] ICCV’21 59 6.0 76.4 98.6 Keypoint Trans [14] CVPR’22  10.9 - - -

METRO [29] CVPR2l 63 65 731 98.4 AMVUR [18] CVPR23 87 83 593 96.4

I2L-MeshNet [34] ECCV’20 74 76  68.1 97.3 S?Hand [7] CVPR21 115 11.1 448 93.2

Pose2Mesh [8] ECCV’20 7.7 7.8 67.4 96.9 DaHyF (Ours) 75 75 63.7 97.4

* Model-based

MANO CNN [59] ICCV’19 11.0 109 51.6 93.4

FrankMocap [41] ICCV’21 9.2 11.6 55.3 95.1

PIXIE [10] 3DV21 122 118 468 919 4.4. Ablation Study

Tang et al. [47] CVPR’21 6.7 6.7 72.4 98.1

Moonetal. [24] CVPR20 84 86 614 96.6 To evaluate the effectiveness of our proposed framework,

gifllg;"[\?;‘;le (351 gggs;; Z; ;é 664 971 we conduct an ablation study using the FreiHAND dataset.

PyMAF [55] CVER'2ZL 75 77 67.1 974 In¥t1ally, we establish a Basehl?e mo'del,.whlch solely com-

MobRecon [6] CVPR'22 69 72 694 97.9 prises the lower branch as depicted in Figure 1, emplgymg

RoboSMPLX [36] NIPS’24 6.9 6.7 71.5 98.1 ResNet-50 as the backbone [16]. Subsequently, we incre-

S%Hand [7] CVPR21 118 119 480 - mentally incorporate different components into the Base-

ﬁhﬁ’%ﬁ}[ﬁ] gzﬁggz 2(2) 2 ; ;gz 32(7) line model to construct five distinct models. The qualitative
aMeR [3 ’ X . . R . . . .

resul ined from th riments are summari in
DaFyF (Ours) 10417 848 9.8 esults obtained from these experiments are summarized

Table 2. Performance comparison with SOTA methods on the
HO3Dv2 test set.

Method Venue PI|{ PV] F@51 F@l57
ObMan [15] CVPR’19 11.0 11.0 46.4 93.9
HO3D [12] CVPR’20 10.7 10.6 50.6 94.2
12UV-HandNet [5] CVPR’21 99 10.1 50.0 94.3
MobRecon [6] CVPR’22 9.2 9.4 53.8 95.7
METRO [29] CVPR’21 104 11.1 48.4 94.6
S2Hand [7] CVPR’21 114 112 45.0 93.0
AMVUR [18] CVPR’23 83 8.2 60.8 96.5
DaHyF (Ours) 8.0 8.1 61.2 97.6

rics. This demonstrates the effectiveness of our method for
3D hand pose estimation.

As shown in Table 2 and Table 3, we also conduct eval-
uation on the HO3Dv2 [12] and HO3Dv3 [13] datasets,
which are more challenging than FreiHAND [59] due to
severe object occlusion. Our DaHyF, trained on Freihand
[59] and with only three additional fine-tuning epochs on
each of the HO3D datasets, achieves the first place on both
the leaderboards for the Mean Joint Error metric (after scale
and translation alignment), demonstrating its excellent gen-
eralizability.

Figure 5 shows qualitative results obtained by our
method and Mesh Graphormer [30] on the FreiHAND test
set, where the reconstructed hand meshes are rendered. We
can see that our results are much more accurate and pixel-
aligned with the hands in the images.
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Table 4.

These results reveal several key findings. Firstly, the in-
tegration of components such as GDM (Global Direction
Map), L. (contrastive learning loss), SJCP (Sub-Pixel Joint
Coordinate Prediction Module), and PE (Position Encod-
ing) significantly enhances the performance of the Baseline
model. Particularly noteworthy is the observation that the
inclusion of the proposed GDM component leads to no-
table performance improvements across all evaluation met-
rics when compared with the Baseline+LDM+SJCP (+ L)
and Baseline+GDM+SJCP (+ L) configurations.

Furthermore, the comparison between the Base-
line+GDM-+Heatmap (+ L.) and Baseline+GDM+SJCP (+
L.) configurations highlights the superiority of SJCP over
heatmap-based joint coordinate regression methods. This
indicates the effectiveness of our sub-pixel joint coordinate
classification approach in accurately predicting joint coor-
dinates.

Ultimately, our final model, denoted as Base-
line+GDM+SJCP+PE (+ L.), emerges as the top-
performing configuration, demonstrating superior per-
formance across all evaluated metrics. These findings
underscore the efficacy of our proposed framework in
enhancing the accuracy and robustness of hand motion
capture systems.

5. Limitation and Conclusion

Limitation. Our method only considers single-hand move-
ment without occlusions by two hands. If the hand detector
fails to distinguish between left and right hands, our model
may give wrong results.

Conclusion. We have presented a novel single-view



Input Image Graphormer Ours Graphormer Ours side view GT side view
side view

Figure 5. Qualitative comparison on the FreiHAND test set between our model and Mesh Graphormer. The last three columns visualise
the results from novel views. Our results have higher accuracy and fewer artifacts in occluded scenes. Our model also provides confident
scores for the pose estimation.

Table 4. Ablation studies of the components of our model. LDM: local direction map. GDM: global direction map. Heatmap: heatmap-
based joint coordinate regression. SJCP: sub-pixel joint 2D coordinate prediction module. PE: position encoding. L.: contrastive learning
loss.

PA-MPJPE | MPIPE | EPE (J277) | EPE (J2a) |

Baseline 8.91 18.14 7.37 -
Baseline + GDM 8.83 17.83 7.01 -
Baseline + GDM + Heatmap 8.40 17.30 6.80 8.10
Baseline + GDM + Heatmap + L. 8.20 16.99 6.33 7.36
Baseline + GDM + SICP + L. 8.02 16.11 6.17 6.95
Baseline + LDM + SICP + L. 9.59 22.7 10.03 9.06
Baseline + GDM + SICP + PE + L. (Ours) 7.88 15.95 6.05 7.83
2D+3D end-to-end joint optimization framework aug- against erroneous detections.

mented with direction-aware hybrid features, aimed at en-
hancing the accuracy of hand motion capture. These
direction-aware hybrid features are a blend of implicit im-
age features and explicit 2D joint coordinate features, pro-
viding a comprehensive representation of hand motion.

Experiments on the FreiHAND dataset demonstrate the
effectiveness of our method, revealing a significant im-
provement of more than 33% in accuracy compared to exist-
ing state-of-the-art techniques. Our model also achieves top
ranking on both the HO3Dv2 and HO3Dv3 leaderboards for

To mitigate issues such as jittering and flipping induced the metric of Mean Joint Error. These results underscore the
by false positives, we have proposed a motion capture con- potential of our framework to advance the field of hand mo-
fidence calculation scheme based on contrastive learning. tion capture, offering enhanced performance and reliability
This approach helps enhance the robustness of our model in real-world applications.
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