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With the advancement of Virtual Reality (VR) and Augmented Reality (AR),
the importance of hand pose estimation from egocentric view has also
increased. To capture diverse hand movements in daily activities, fisheye
cameras with a wide Field of View (FoV) are essential. While Fisheye camera
offer a broader capture range but they introduce distortion. Thus, this leads
to inaccurate hand pose estimation with fisheye cameras. Additionally, most
existing hand pose estimation research has focused on third-person view,
resulting in limited datasets for egocentric and fisheye-based hand pose
estimation.

To address these challenges, we propose two-stage egocentric hand pose
estimation method using a fisheye stereo camera. This method generates
undistorted hand crop images through perspective cropping [4]. We
employed U-Net [3] for HandNet and compared the performance of our
model against SimpleBaseline [1] and HRNet [2].

(a) separate hand (b) hand-hand (c) hand-object

We constructed fisheye camera-based egocentric hand dataset, which we
refer to as FisheyeEgoHAND. To capture various hand interactions, we
designed three categories of scenarios:

e separate hand (7 scenarios, 5,142 images)

* hand-hand (9 scenarios, 7,008 images)

* hand-object (4 scenarios, 4,358 images)

This dataset consists of total 20 scenarios with 16,508 images. For each
scenario, videos were recorded at 30 fps, and each frame was extracted as
image data.

Model Avge EPE| PCK7T AUCY
SimpleBaseline (r-50) 17.974 0.968 0.890
SimpleBaseline (r-50, w/ PC) 13.178 0.951 0.893
SimpleBaseline (r-101) 18.062 0.958 0.883
SimpleBaseline (r-101, w/ PC) 13.013 0.937 0.894
SimpleBaseline (r-152) 18.296 0.958 0.887
SimpleBaseline (r-152, w/ PC) 13.411 0.927 0.892
HRNet 17.918 0.971 0.890
HRNet (w/ PC) 12.724 0.937 0.896
HandNet (ours) 12.626 0.984 0.917
HandNet (ours, w/ PC) 9.634 0.969 0.914
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2D hand pose estimation from two fisheye camera views

Using images from fisheye stereo camera as input, stage-1 HandNet predicts the 2D hand keypoints of left/right
hands in each view.

* 3D keypoints via triangulation

The predicted 2D hand keypoints are used for triangulation with camera parameters. 3D hand keypoints are
computed in the camera coordinate system with the left (or right) camera as the origin.

* Perspective cropping

Virtual cameras are generated from 3D keypoints and undistorted hand crop images are obtained through a
warping technique.

2D hand pose estimation from undistorted hand crop images

Stage-2 HandNet predicts 2D hand keypoints from undistorted hand crop images obtained in the previous step.

Perspective cropping is a technique that generated a virtual camera for the Region of Interest (Rol) and crops
the image accordingly. A virtual camera can be created when 3D points within the Rol are available. We set
hand keypoints as the required points for perspective cropping and aimed to obtain 3D points from a stereo
camera. To efficiently acquire 3D hand keypoints, we used triangulation for fast and accurate computation. For
accurate depth values of these points, precise 2D hand pose estimation in stereo views is crucial for
triangulation. Since we use a fisheye stereo camera, training 2D hand pose estimator on distorted images is
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Since our proposed method employs perspective cropping, we generated a new ground truth derived from
FisheyeEgoHAND. Specifically, the original 2D hand keypoints from FisheyeEgoHAND were projected onto virtual
cameras obtained from perspective cropping. This dataset was then used to train stage-2 HandNet in the same
way as stage-1.

The results in Table 1. show that the two-stage 2D hand pose estimation with perspective cropping achieved an
EPE of 9.634, outperforming the one-stage estimation using the original fisheye camera image as input, which
had an EPE of 12.626. In Figure (h), perspective cropping result from stage-1 HandNet trained on
FisheyeEgoHAND demonstrating improved distortion correction over Figure (g). Also, Figure (h) shows that the
2D hand pose estimation results improve with perspective cropping.

Table 1: 2D pose estimation on fisheye images and perspective cropped images.

high-resolution representation features essential for hand pose estimation. A
We trained SimpleBaseline, HRNet, and HandNet for 200 epochs on ‘ “
FisheyeEgoHAND dataset using a single RTX 4090. The batch size was 64 for L A
SimpelBaseline and 128 for HRNet and HandNet, with loU loss. We used SGD

with a 0.1 leraning rate and a multi-step scheduler at 40 and 100 epochs

(gamma=0.5).

w/PC” refers to “with perspective cropping” -
We adopted simplified version of U-Net as HandNet, which enables learning s | »‘ﬁ
|

(g) original hand crop & hand pose estimation result

(h) perspective crop & hand pose estimation result

We propose an effective method for egocentric hand pose estimation using a fisheye camera. We created FisheyeEgoHAND dataset and trained stage-1 HandNet on it for perspective cropping. The
undistorted hand crop images were then used to estimate the final 2D hand pose, achieving better performance than one-stage approach. To enable diverse applications in VR and AR, 3D hand pose
is more useful but our approach ultimately estimates 2D hand pose. In future work, we plan to explore a distortion-robust 3D hand pose estimation approach.
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