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Abstract
Robust detection of the keypoints of the human hand from a single 2D image is a crucial step in many applications including medical image processing, where X-ray images
play a vital role. In this paper, we address the challenging problem of 2D and 3D hand
pose estimation from a single hand image, where the image can be either in the visible
spectrum or an X-ray. In contrast to the state-of-the-art methods, which are for hand pose
estimation on visible images, in this work, we do not incorporate the depth images to the
training model, there by making the pose estimation more appealing for the situations
where the access to the depth images is not viable. Besides, by training a unified model
for both X-ray and visible images, where each modality captures different information
which complements each other, we elevate the accuracy of the overall model. We present
a cascaded network architecture which utilizes a template mesh to estimate the deformations in the 2D images where the estimation is propagated in different cascaded levels to
increase the accuracy.
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Introduction

Hand pose estimation is a long-standing challenge in computer vision and image processing
research fields. There are numerous applications of hand pose estimation including humancomputer interaction, virtual reality [23, 31], robotics [8], and medical image analysis [7].
In medical image analysis, 2D pose estimation plays a vital role in tasks such as organ motion
correction [6] and deformable image registration [4].
Hand pose estimation of visible images is widely incorporated in many clinical applications where non-invasive monitoring of patients is performed, including those who have
motor disorders as well as in tremor diagnosis [15, 35, 42]. In assessing skeletal maturity of
a patient’s hand using X-ray images, hand pose estimation is used as an essential subroutine
[10, 25]. The main features that are utilized in this process are the morphological patterns at
the bone joints and bone joint identification remains a crucial process in automated radiology
[30].
c 2019. The copyright of this document resides with its authors.
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Moreover, the semantic keypoints resulting from 2D/3D pose estimation are widely used
in 3D model reconstruction processes, where the detected keypoints are used as anchors
[1, 32]. In the visible image domain, reconstructing the 3D model from a single RGB image
is of broad and current interest [9, 37, 38]. The importance of 3D model reconstruction is
not restricted to the visible images; significant attention has been devoted to the 3D reconstruction of images in other modalities as well [5, 22, 24, 29]. Specifically, in the medical
imaging domain, reconstruction of 3D models from X-ray images has been very useful in the
pathological analysis [11, 14]. Keypoint identification on the X-ray images (i.e., based on
fiducial markers or automatic) is a fundamental step in 3D reconstruction from X-ray images
[2, 16].
Analysing the images of an object in different modalities, where the presented details
complement each other is of great importance in many computer vision tasks including medical [18, 27] applications. In addition to the complementary information, one of the main
advantages in using different imaging modalities is that the modalities which can be captured
abundantly with minimum cost and with minimum effort (e.g., RGB images), can be used
in combination with other imaging modalities which require specific environments, costly
equipment and which may also be associated with harmful radiations (e.g., X-ray and CT
images) [34]. For an example current methods of 3D reconstruction from X-ray images
require more than a single image; and using an X-ray image in combination with visible images can eliminate the need for multiple X-ray images. However, this necessitates a keypoint
identification framework which can accurately identify keypoints of both X-ray and visible
images.
To address the above issues we present in this paper, a unified method for 2D/3D hand
pose estimation for visible and X-ray images. To our best knowledge this is the first effort
which targets 3D hand pose estimation for X-ray images. The main contributions of this
paper are summarised below:
• In contrast to the existing approaches which consider only an individual modality, our
framework considers both the bone structure of the human hand which enables the
estimation of deformation in the X-ray and as the muscle structure along with the
skin, which contributes to the visible image deformation estimation.
• In contrast to the prior work, which uses depth images in developing models for hand
pose estimation from an RGB image, we do not use the depth images; as such we
increase the potential of using our model for the datasets which do not have the corresponding depth images.
• The existing hand pose estimation methods for X-ray images [12, 25] have targeted
only the canonical correspondence of images. In contrast, our framework looks on
semantic correspondence, which allows greater flexibility by identifying the corresponding points in the images where there are drastic deformations.
• We provide manual keypoint annotation for hand X-ray images in the musculoskeletal
radiographs (MURA) dataset and a synthesized set of images, which replicates the
structure of X-ray images with their 2D and 3D groundtruth annotation.
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Figure 1: Overview of the proposed framework, where at the training time images from
both the modalities (to reflect the bone structure and the skin structure) are fed into the
network along with the the available groundtruth values (2D keypoints and 3D keypoints
when available). As the feature encoder, any feature extraction framework (e.g. variations
of Resnet) can be used.
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Methodology

The overview of the proposed framework is depicted in Figure 1, where we use X-ray images and the visible images as the input to the framework. The groundtruth annotation of the
2D pose and 3D pose when available, are used at the training time. Based on the features
obtained by encoding the input images, we obtain the camera parameters (i.e. rotation, translation and scale) and the estimated deformation of the keypoints. The deformed keypoints of
the template 2D mesh are then projected using the camera model and the loss value between
these projected keypoints and the groundtruth keypoints are used to measure the accuracy
values. When the 3D groundtruth points are available, we estimate the 3D keypoint error as
well. Each component of our framework is described in detail in the following sections of
this paper.

2.1

Hand mesh representation

As the template mesh we use a 3D mesh with both bone structure and the skin structure,
which are extracted using a 3D human hand model [41]. Though the model can generate
meshes with high resolution, to reduce the complexity of the deep learning model we use low
resolution template models; Mbone ∈ RN×3 and Mskin ∈ RN×3 , where N denotes the number
of vertices in each for the bone mesh and the skin mesh. The rendered view of the template
mesh and the mesh representation for both the meshes are depicted in Figure 2. However, as
a higher resolution mesh can yield better accuracy values, in our framework we considered
increasing the resolution of the mesh in a cascaded manner while allowing the deep learning
model to maintain the simplicity among each of the levels in the cascade. MANO [36]
→
−
is another hand model representation method, which is parameterized by shape ( β ∈ R10 )
−
and pose values (→
α ∈ Rk×3 ), where k is the number of keypoints. However, generating this
model requires a large number of 3D hand scans. Therefore it is not feasible to use such a
model for X-ray pose estimation as obtaining a very large number of hand scans with bones
only is not viable.
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(a) Skin model of the hand

(b) Mesh of the skin model

(c) Bone structure of the hand

(d) Mesh of the bone structure

Figure 2: The individual meshes that were used as the template mesh representation. These
were combined together to incorporate the details of bone structure and the skin structure.

2.2

Framework architecture

The details of the framework architecture is described in the following sections.
Feature encoding The detailed network architecture of our framework is depicted in Figure
3, where the Resnet-18 [13] is used as the feature extraction framework. Alternatively, other
network architecture variants including Resnet-50, Resnet-101 and Resnet-152 can be used
in this framework. The framework, illustrated in Figure 3 uses the cascaded architecture
where the deformation of keypoints is performed at several levels. Note that, depending on
the required accuracy levels, the number of deformation blocks and the Resnet convolution
layer number of which the features are extracted from can be adjusted.
Camera parameters and keypoint deformation estimation The output of each feature extraction layer is passed through another encoder layer, which has multiple fully connected
layers, which are followed by several network segments where each will estimate a different
output. These network branches include (1) camera estimation networks; which are “Rotation Predictor”, “Scale Predictor”, and “Translation Predictor” (2) “Deformation Estimator”
which estimates the keypoint deformation. Each of these segments is constituted of fully
connected layers where the rotation predictor, translation predictor and scale predictor have
4, 2 and 1 output units respectively and the deformation predictor has N × 3 outputs, where
N is the number of vertices in the considered template mesh. The deformation values associated with the keypoint vertices are added to the template mesh to get the deformed keypoint
location, and in the setting of cascaded network architecture, the deformation of all the vertices are added to the template mesh to generate the new template mesh for the next cascade
level.
Cascaded architecture As mentioned earlier the cascaded architecture is used to accommodate the balance between complexity of the model and the required accuracy levels. The
use of graph-unpooling [44] in the cascaded architecture will increase the resolution of the
mesh, which leads to the refined keypoint identification. Since edge-based unpooling yields
a uniform upsampling on the mesh [44], in this framework we applied edge based unpooling
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Figure 3: The detailed network architecture which uses Resnet-18. This architecture shows
2 cascade levels, where the output mesh of the 1st level is enhanced using graph unpooling.
to the meshes under consideration.
Vertices to keypoint association Associating the vertices with the keypoints is another major consideration in our framework. Associating the vertices manually with the keypoints
will reduce the adaptability of our framework, as a change in the initial mesh will lead to
changes in all the steps. Instead, we use a keypoint assignment matrix Ak×N where k is the
number of keypoints and N is the number of vertices in the corresponding template mesh,
which will learn the association between the vertices and the keypoints [19].
Learning We design a loss function to aggregate four losses incurred by the estimation
accuracy of 2D and 3D keypoints, where

Loss = w1 α1 Lkp_2D + β1 Lkp_3D + γδ1 Lv2kp_visible + (1 − γ) δ1 Lv2kp_Xray

+ w2 α2 Lkp_2D + β2 Lkp_3D + γδ2 Lv2kp_visible + (1 − γ) δ2 Lv2kp_Xray .

(1)

The loss function denoted in Equation 1, corresponds to a network architecture that has
2 cascaded levels. The hyper parameters of our loss function includes w1 , w2 , which assigns
the weights for the each cascade level, and αi , βi and δ i indicate the weights assigned for
the 2D keypoint loss, 3D keypoint loss and the keypoint-vertex association loss respectively.
In Equation 1, γ is set to 1 if the input image is a visible image. We have reflected the effect
of input image modality only on the keypoint-vertex association loss, as the keypoint-vertex
association error should converge in a modality specific way; i.e.: the keypoints associated
with X-ray images should be reflected on the bone structure and the keypoints associated
with visible images should be reflected on the skin structure. For the keypoint error we
used mean squared error between the groundtruth keypoints and the estimated keypoints
(Equation 2), where each 2D keypoint is defined as [x p , y p ] and each 3D keypoint is defined
as [x p , y p , z p ]. The keypoint-vertex association loss we used is the average cross entropy loss
(Equation 3) for each keypoint in the total vertex distribution. In equation 3, A denotes the
keypoint assignment matrix and Ai j denotes the element in the ith row and the jth column of
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that matrix .
Lkp =

1 k
(i)
(i)
∑ kpgt − kp pred
k i=1

Lv2kp =

3

2
2

1 k N
∑ ∑ Ai j log(Ai j )
k i=1
j=1

(2)

(3)

Experiments

In this section we describe the datasets that we used, the ablative study we have conducted to
evaluate the effectiveness of each of the components in our architecture, and the experimental
results that we obtained in benchmarking our method with the state-of-the-art.

3.1

Datasets

This work utilizes two main types of datasets 1) Visible image dataset and 2) X-ray image
dataset. Though there are publicly used datasets for hand keypoint estimation for visible
images, there is no publicly available dataset for hand pose estimation of the X-ray images.
Visible hand pose datasets: In this evaluation we use Stereo Handpose Dataset (STB) [46],
Rendered Hand Pose Dataset (RHD) [48] and Dexter-Object Dataset [40]. Following the
evaluation protocol used in the most related literature [26, 43, 45], for the STB dataset
evaluation we used 10 image sequences for training and 2 image sequences for testing and
for the RHD dataset we used its training and testing tests respectively. Dexter dataset was
used to evaluate the generalization capability of our models which were trained on other
datasets.
X-ray hand pose datasets: For the X-ray hands, the main challenge we encountered was
that of not having a large dataset with 2D and 3D pose estimation. From the MURA (musculoskeletal radiographs) dataset which contains X-ray images of [33] human upper extremity,
we used the hand X-ray images and manually annotated 1000 hand images, with each hand
having 21 keypoints, and then by augmenting that data we increased the X-ray hand dataset
with 2D annotation. To yield better accuracy for 3D pose estimation on X-ray images, it is
mandatory to have X-ray images with both 2D and 3D annotations. To accomplish this we
used a 3D model of the human anatomy where the texture of the model was used to mimic
properties of X-ray images. The rendered images were considered as the corresponding 2D
X-ray images, and were subjected to 2D keypoint annotation and from the 3D-coordinates of
the model we obtained the 3D coordinates of points that are associated with the keypoints.

3.2

Evaluation Matrix

For our ablative studies and for the benchmarking with the state-of-the-art methods we used
Percentage of Correct Keypoints (PCK) score, which is widely used as the pose estimation
accuracy measurement [3, 17, 26, 28, 39, 47]. When estimating the PCK, if the predicted
keypoint lies within a circle (for 2D pose) or within a sphere (for 3D pose) with a given
radius with respect to the groundtruth value, it is considered as a correct keypoint.
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(a) 3D PCK on RHD visible dataset
(b) 2D PCK on MURA X-ray dataset
Figure 4: Ablation study results: (a) 3D PCK values we obtained for RHD visible dataset
and Figure (b) 2D PCK values we obtained for MURA X-ray image dataset.

3.3

Ablative Studies

In our framework, we used Resnet-18 architecture as the feature extraction framework, with
two different configurations where cascade level 1 and cascade level 2 are used. In recording
our results, we have denoted these two configurations as ours1 and ours2 . We trained our
network on three different dataset configurations; 1) Visible images only, 2) X-ray images
only and for 3) Visible and X-ray images jointly. All the trained models were trained using
the Adam optimizer [21], with a learning rate of 0.001 and with a momentum of 0.9. In
ours2 configuration w1 and w2 were set to 0.5 and αi , βi and δi were set to 0.4, 0.4 and 0.2
respectively.
For the RHD dataset, the obtained 3D PCK values are depicted in Figure 4(a), where the
cascade levels have positively affected the accuracy of overall results. Furthermore, it can
be observed that the model trained with both visible and X-ray images have yielded better
accuracy values for both network architectures, making it evident that the complementary
information from different modalities can enhance the performance. The same observation
was encountered for the MURA X-ray image dataset (Figure 4 (b)), and it should be noted
that compared to the visible image dataset size (41, 258 images), the X-ray image dataset
used was small (6, 000 images). Getting better accuracy levels for X-ray 2D pose estimation,
when the model was trained on X-ray and visible image dataset demonstrates the modalities
where the samples are abundant (e.g. visible) can be effectively utilized to enhance the
performance on other imaging modalities, where the samples are scarce (e.g.X-ray images).

3.4

Comparison to the state-of-the-art

3D pose estimation on visible images: Figure 5 depicts the 3D PCK values that we obtained for our best configurations , compared to the 3D PCK values that have been obtained
in state-of-the-art methods [26, 28, 47, 48]. To make our results comparable to the previous
approaches, we used the same evaluation protocol that has been followed in the literature
[26, 47, 48]. It can be observed that when considering STB dataset, which is extracted from
videos and hence lacks diversity, our method yields comparable results with the state-of-theart. For the RHD dataset which contains images from a wide range of backgrounds, subjects
and poses, our method has outperformed the state-of-the-art method by a considerable margin.
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(a) 3D PCK on RHD dataset
(b) 3D PCK on STB dataset
Figure 5: PCK values based on 3D pose estimation on visible images compared with the
state-of-the-art (a) RHD dataset and (b) STB dataset.

Figure 6: PCK values based on 2D pose estimation on visible images (Dexter-Object
dataset) compared with the state-of-the-art. Similar to the existing benchmark methods
we trained the model on RHD and STB datasets and tested on Dexter-Object dataset
(ours1 (visible only) and (ours2 (visible only) indicate the results). Then to assess the impact of using visible and X-ray images jointly, we trained our model on RHD, STB and X-ray
datasets and tested on Dexter-Object dataset (ours1 (visible & X-ray ) and (ours2 (visible
& X-ray) indicate the results).

2D pose estimation on visible images: Following the common evaluation protocol, we
experimented our models on Dexter-Object dataset for the generalizing capability of the
model. We trained the models on RHB, STB and X-ray dataset and tested on Dexter-Object
dataset. The obtained 2D PCK values for the Dexter-Object dataset are depicted in Figure 6,
and it can be observed that our method under all configurations has outperformed the stateof-the-art [17, 26, 47, 48]. It should be noted that the results recorded for exsiting methods
in Figure 5 and 6 are extracted from the respective publications by the original authors.
Furthermore, the observations related to multi-modal dataset training that were made in the
ablation study are reflected here as well.
2D pose estimation on X-ray images: For the X-ray images, to benchmark our method
we used Dense adaptive self-correlation descriptor for multi-modal and multi-spectral cor-
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respondence (DASC) [20], which aims to identify the correspondence between multimodal
images. In the benchmarking process, for the DASC we used a specific X-ray image as the
source image and by changing the target images, we identified the corresponding points. The
2D PCK values that we obtained by using DASC and our method are depicted in Figure 7
(a). We used the annotated MURA dataset for the evaluations.
3D pose estimation on X-ray images: To the best of our knowledge, this is the first paper
to estimate the 3D pose in X-ray images and the PCK values associated with the 3D X-ray
pose estimation is depicted in Figure 7 (b). The impact on using joinltly using visible images
with X-ray images can be clearly observed in the increased PCK values. It is important to
note that this model has been trained only on a small dataset of synthesized X-ray images

(a) 2D PCK on X-ray images
(b) 3D PCK on X-ray images
Figure 7: PCK values based on 2D and 3D pose estimation on X-ray images: (a) Mura
X-ray dataset and Figure (b) Synthesized X-ray image dataset.

Figure 8: Qualitative examples: The first column shows the input image, and in the second
column the groundtruth keypoints are marked in green circles and the keypoints obtained by
our framework are marked in red asterisks. The third column illustrates the groundtruth 3D
keypoints and the fourth column illustrates the 3D keypoints obtained from our framework.
More qualitative results can be found in the supplementary material.
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with 3D annotations. Figure 8 depicts some of the qualitative results that we obtained from
our framework.

4

Conclusion

While hand pose estimation has been evolved through the decades, there is no exploration of
how multi-modal images can be used to enhance the performance of hand pose estimation.
Furthermore even though the hand key point estimation on X-ray images has been a subject
of research for a considerable time, the 3D pose estimation from a single X-ray image has
not been researched. In this paper, we have presented a modality invariant 2D/3D hand pose
estimation method for visible and X-ray images. Using a single model for both the imaging
modalities is a key innovation in our approach which enables the model to capture features
which complement each other, resulting in improved accuracy values. Note also that our
approach enables efficient use of data in image modalities where the samples are abundant
(i.e. visible images) to enhance the performance of modalities where the data is sparse (i.e.
X-ray images). Through extensive evaluations, we confirm that our framework outperforms
the state-of-the-art methods for 2D and 3D hand pose. Our work is also the first effort in 3D
hand pose estimation from a single X-ray image.
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[35] Zaidi Mohd Ripin and Ping Yi Chan. Pathological hand tremor measurementâĂŤchallenges and advances. In International Conference for Innovation in Biomedical Engineering and Life Sciences, pages 3–8. Springer, 2017.
[36] Javier Romero, Dimitrios Tzionas, and Michael J. Black. Embodied hands: Modeling and capturing hands and bodies together. ACM Transactions on Graphics, (Proc.
SIGGRAPH Asia), 36(6), November 2017.
[37] Ryusuke Sagawa, Hiroshi Kawasaki, Shota Kiyota, and Ryo Furukawa. Dense oneshot 3d reconstruction by detecting continuous regions with parallel line projection. In
2011 International Conference on Computer Vision, pages 1911–1918. IEEE, 2011.
[38] Ashutosh Saxena, Sung H Chung, and Andrew Y Ng. 3-d depth reconstruction from a
single still image. International journal of computer vision, 76(1):53–69, 2008.
[39] Adrian Spurr, Jie Song, Seonwook Park, and Otmar Hilliges. Cross-modal deep variational hand pose estimation. In Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition, pages 89–98, 2018.
[40] Srinath Sridhar, Franziska Mueller, Michael Zollhöfer, Dan Casas, Antti Oulasvirta,
and Christian Theobalt. Real-time joint tracking of a hand manipulating an object from
rgb-d input. In European Conference on Computer Vision, pages 294–310. Springer,
2016.
[41] TurboSquid.
Anatomy 3d models, 2019.
3d-model/anatomy.

URL www.turbosquid.com/

[42] Marie Vidailhet, Emmanuel Roze, and Hyder A Jinnah. A simple way to distinguish
essential tremor from tremulous parkinsonâĂŹs disease. Brain, 140(7):1820–1822,
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