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Abstract

Reconstructing high-fidelity hand models with intricate tex-
tures plays a crucial role in enhancing human-object interac-
tion and advancing real-world applications. Despite the state-
of-the-art methods excelling in texture generation and image
rendering, they often face challenges in accurately capturing
geometric details. Learning-based approaches usually offer
better robustness and faster inference, which tend to produce
smoother results and require substantial amounts of training
data. To address these issues, we present a novel fine-grained
multi-view hand mesh reconstruction method that leverages
inverse rendering to restore hand poses and intricate details.
Firstly, our approach predicts a parametric hand mesh model
through Graph Convolutional Networks (GCN) based method
from multi-view images. We further introduce a novel Hand
Albedo and Mesh (HAM) optimization module to refine both
the hand mesh and textures, which is capable of preserv-
ing the mesh topology. In addition, we suggest an effec-
tive mesh-based neural rendering scheme to simultaneously
generate photo-realistic image and optimize mesh geometry
by fusing the pre-trained rendering network with vertex fea-
tures. We conduct the comprehensive experiments on Inter-
Hand2.6M, DeepHandMesh and dataset collected by ourself,
whose promising results show that our proposed approach
outperforms the state-of-the-art methods on both reconstruc-
tion accuracy and rendering quality. Code and dataset are
publicly available at https://github.com/agnJason/FMHR.

Introduction

3D human reconstruction has attracted considerable re-
search attentions (Saito et al. 2019; Peng et al. 2021a; Weng
et al. 2022; Chen et al. 2021; Noguchi et al. 2021; Bhat-
nagar et al. 2020) in recent years. While there have been
promising advancements in reconstructing the human body
and face (Lei et al. 2023; Grassal et al. 2022; Peng et al.
2021b; Xiu et al. 2022), it still remains a formidable chal-
lenge to achieve highly accurate hand reconstruction due to
the inherent complexity of joint variations. By taking con-
sideration of the distinctive nature for hands, it is essential
to investigate the hand geometry and rendering for obtaining
the realistic and fine-grained representations.
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b) Hyper-realistic Hand Mesh
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Figure 1: Our proposed approach focuses on reconstructing
hands from multi-view images, allowing for the generation
of precise poses, geometry, and photo-realistic rendering.

Conventional = model-based  methods, such as
MANO (Romero, Tzionas, and Black 2017) and Nim-
ble (Li et al. 2022b), often rely on smoothing meshes
and texture maps for hand representation. Nevertheless, it
typically requires costly scanning data and artistic expertise
in order to achieve intricate and personalized hand meshes
with texture maps. Moreover, the complex nature of hand
movements and challenges posed by occlusions hinder the
faithful restoration of hand mesh. Model-free approaches
like LISA (Corona et al. 2022) aim to address these
challenges by reconstructing coherent hands from image
sequences, while HandAvatar (Chen, Wang, and Shum
2023) focuses on reconstructing and rendering hands in
arbitrary poses by disentangling reflectance and lighting.
Nonetheless, the resulting mesh often exhibits smoothness
due to large pose variations across different frames.

Neural rendering-based methods, such as NeRF (Milden-
hall et al. 2021) and NeuS (Wang et al. 2021; Fu et al. 2022),
have been widely used in synthesizing static objects from
multi-view images. As for the dynamic objects like hands,
these methods have the difficulties in obtaining a fixed topo-
logical structure through implicit surface representation. De-
spite their impressive rendering results, NeuS (Wang et al.
2021) requires a large amount of training time due to sam-
pling along the ray. Meanwhile, NeuralBody (Peng et al.
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2021b) attaches latent codes to SMPL (Loper et al. 2015)
vertices, which enables to diffuse into space through sparse
convolution. However, this may lead to some artifacts on
the predicted mesh. To address these limitations, Hand-
NeRF (Guo et al. 2023) proposes a pose-driven deformation
field to render photo-realistic hands from various views and
poses, while it does not explicitly provide a hand mesh for
animation and real-time rendering.

To overcome the above challenges, we propose an ef-
fective coarse-to-fine approach to hand mesh reconstruc-
tion from multi-view images. By synergizing the benefits of
parametric models and mesh-based rendering, our method
achieves high-fidelity reconstruction results while maintain-
ing fast training time with only 1.5 minutes. By incorporat-
ing multi-layer perceptrons into Graph Convolutional Net-
works (GCN) (Kipf and Welling 2017), we can simultane-
ously recover hand mesh and MANO parameters. Unlike
learning-based methods that demand extensive training data,
we introduce a Hand Albedo and Mesh (HAM) optimization
module by leveraging inverse rendering to enhance level of
details. The resulting fine-grained mesh preserves the flex-
ibility provided by the parametric model MANO (Romero,
Tzionas, and Black 2017), which enables to repose it into
novel configurations. To further enhance rendering quality
and refine the mesh, we suggest a mesh-based neural render-
ing scheme by fusing a pre-trained rendering network with
vertex features. Our proposed method is evaluated on the In-
terHand2.6M, DeepHandMesh and dataset collected by our-
self. The promising experimental results demonstrate its ef-
ficacy in reconstructing high-fidelity hands from multi-view
images, as illustrated in Fig. 1.

Our main contributions are summarized as below.

* We propose a coarse-to-fine approach to accurately re-
cover the fine-grained hand mesh model from multi-view
images by taking advantage of inverse rendering.

* A novel HAM optimization module is presented to refine
the over-smoothing results of parametric hand models.

* We devise an effective mesh-based neural rendering
scheme to simultaneously generate photo-realistic image
and optimize mesh geometry by fusing the pre-trained
rendering network with vertex features.

Related Work
Model-Based Hand Reconstruction

Parametric models have been widely used in represent-
ing objects with the fixed typologies, such as the human
body (Loper et al. 2015; Pavlakos et al. 2019; Osman,
Bolkart, and Black 2020; Chen et al. 2022), face (Li et al.
2017; Hong et al. 2022), hands (Romero, Tzionas, and Black
2017; Li et al. 2022b), and animals (Zuffi et al. 2017). These
models enable the transformation of mesh geometry by ad-
justing model parameters corresponding to pose and shape
variations. Moreover, hand pose can be effectively estimated
by images (Li, Gao, and Sang 2021) or point clouds (Cheng
et al. 2022; Ren et al. 2023). In hand reconstruction,
the parametric models like MANO (Romero, Tzionas, and
Black 2017), NIMBLE (Li et al. 2022b), have been used to
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recover the hand in the input image (Boukhayma, de Bem,
and Torr 2019; Hasson et al. 2019; Kong et al. 2022; Cao
et al. 2021; Doosti et al. 2020; Hasson et al. 2020). In (Fan
et al. 2021; Ren, Zhu, and Zhang 2023; Kim, Kim, and
Baek 2021; Zhang et al. 2021; Li et al. 2022a), the paramet-
ric models are employed to reconstruct two hands, where
hand interactions and gestures could be simulated. Recently,
(Chen et al. 2023) employ the HandTrackNet to track the
variations of MANO parameters, which is utilized for hand-
object interactions. While parametric methods are able to re-
cover hand poses and shapes, the resulting meshes lack the
capability to represent geometric textures.

Model-Free Hand Reconstruction

Parametric models (Romero, Tzionas, and Black 2017) are
valuable for incorporating the prior knowledge of pose
and shape, while their representation power is constrained
by imposing the template shape and details. To overcome
this limitation, various approaches have been explored. In-
stead of directly regressing the MANO parameters, 12L-
MeshNet (Moon and Lee 2020) predicts a 1D heatmap for
each vertex coordinate, and (Ge et al. 2019; Kulon et al.
2020) employ GCN-based methods to recover hand meshes.
On the other hand, DeepHandMesh (Moon, Shiratori, and
Lee 2020) make use of an encoder-decoder framework to
generate highly detailed hand meshes. To achieve photo-
realistic hand rendering, HARP (Karunratanakul et al. 2023)
suggest an optimization-based approach to recover both nor-
mal and albedo maps. Recently, (Luan et al. 2023) intro-
duce a frequency decomposition loss to capture personalized
hand from a single image, which address the problem of data
scarcity through multi-view reshaping. HandAvatar (Chen,
Wang, and Shum 2023) yields occupancy and illumination
field to generate free-pose photo-realistic hand avatar.

Neural Rendering-Based Reconstruction

In past few years, rapid progress in 3D modeling and im-
age synthesis has been obtained through neural implicit
representations (Mescheder et al. 2019; Mildenhall et al.
2021). In contrast to the classical discrete representations
like meshes, point clouds, and voxels, neural implicit repre-
sentations leverage neural networks to model scenes, which
offer continuous results with higher fidelity and flexibil-
ity. Among the various methods, Neural Radiance Fields
(NeRF) (Mildenhall et al. 2021) gains great popularity and
demonstrates impressive performance across various tasks.
Nevertheless, the traditional NeRF-based methods face chal-
lenges in dealing with objects having temporal changes (Fu
et al. 2022; Wang et al. 2021).

Neural Body (Peng et al. 2021b) combines NeRF with the
parametric SMPL body model (Loper et al. 2015), which is
able to recover dynamic objects. Moreover, (Liu et al. 2021)
leverage NeRF to learn pose-related geometric deformations
and textures in canonical space from multi-view videos. Re-
cently, LISA (Corona et al. 2022) fuses volumetric render-
ing with hand geometric priors to capture animatable hand
appearances. HandNeRF (Guo et al. 2023) represents the in-
teractive hands by deformable neural radiance fields to gen-
erate photo-realistic images.
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Figure 2: Overview of our coarse-to-fine framework. Given a set of calibrated images, we initialize MANO parameters and
refine the mesh using our proposed HAM module and inverse rendering to achieve geometric details. By jointly optimizing the
mesh using a model-based neural rendering, a fine-grained mesh can be obtained along with its hyper-realistic rendered images.

Method

Our objective is to achieve fine-grained 3D hand mesh re-
construction and synthesize photo-realistic novel views. To
tackle this challenge, our method consists of three key steps.
Firstly, we estimate an initial coarse hand mesh and the pa-
rameters of MANO model (Romero, Tzionas, and Black
2017), which are recovered from multi-view images through
incorporating multi-layer perceptrons (MLPs) into GCN.
Secondly, an HAM optimization module is introduced to
restore a fine-grained mesh with the albedo map and sur-
face details by leveraging the power of inverse rendering.
Finally, we suggest a mesh-based neural rendering scheme
to efficiently generate photo-realistic images and refine the
mesh through joint optimization. Fig. 2 illustrates the entire
pipeline of our presented method.

Coarse Initialization

In hand reconstruction, it is crucial to accurately predict
the 3D pose and shape due to the high flexibility of the
hand. Since generating 3D poses is typically challenging
in the wild cases, some approaches like HandAvatar (Chen,
Wang, and Shum 2023) employ the annotated hand poses
and shapes as initialization. Instead, we aim to estimate the
consistent 3D hand poses from multi-view images.

Given a set of images Z = {I',--- I"} captured by
the calibrated cameras and their corresponding 2D joints
Jop = {Jip, -+, I8}, 3D hand joints J3p € RP*3 in
world space with B per-bone parts can be estimated. To
address the limitations of representing joint Euler angles
directly with 3D joints information, we introduce a GCN-
based network G to recover the MANO model as in (Choi,
Moon, and Lee 2020).

M(8,8) = G(Jsp), (1)
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where 6 € RE*3 and B € R0 represent pose and shape
parameters of MANO model, respectively. The network G
is designed as a four-layer GCN with a MANO head. The
MANO head consists of MLPs to obtain the corresponding
MANO parameters via the features of the first three GCN
layers, as shown in Fig. 3.

Given n-view images I™ along with their corresponding
camera parameters 7" and the positions of the hand joints
J3'p in the images, J3p can be obtained by minimizing the
reprojection error across different views. The camera param-
eters include the intrinsic matrix K and extrinsic matrix 7.
In the i-th view, J&, can be calculated by Ji, = 7(J5p).
Since it is difficult to circumvent the issue of imperfect esti-
mation of Jyp, we recover Jsp by minimizing the following
objective

n
Ejoints = Z

i=1

1

i = 7 ()

2

Once the 3D joints Jsp with multi-view consistency is
obtained, the GCN-based network G can be used to recover
the MANO parameters. G is trained using the annotated
datasets by minimizing the following energy function

Log=Ly+Ly+Lj+ Lrano- €))
Specifically, £, measures the L, distance between the pre-
dicted vertices V and annotated MANO vertices V as below

Ly=> [V-VI @)

L, ensures the alignment of mesh normals n with MANO,
which is defined as

Ln=2|ﬁ—n|. (5)
L; constrains the discrepancy between the generated
MANO joints J3p and the input joints J3p as follows

L;=> |Jsp = Jspl- 6)
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Figure 3: Our GCN-based network. The four-layer GCN
progressively doubles the number of vertices and MANO
head outputs the corresponding MANO parameters.

Additionally, £74n0 is used to supervise the generation of
MANO parameters, which is formulated as below

Lyano =Y _1(0,8) - (6,8))]. (7)

While the GCN-based network G excels at accurately re-
covering the pose by utilizing 3D joints as input, it lacks
information about hand fatness or leanness. To overcome
this limitation, we incorporate segmentation map obtained
by promptable SAM (Kirillov et al. 2023) in order to opti-

mize the shape parameters /3. This extra optimization step
further enhances the accuracy of the MANO parameters.

Mesh Refinement

The MANO model generated by G represents a smooth-
ing mesh without geometric textures. Inspired by the Shape
from Shading (SFS) algorithm (Horn 1970) and PatchShad-
ing (Lin et al. 2024; Lin, Zhu, and Zhang 2022), we ac-
curately capture the folds and textures on the coarse hand
mesh. Assuming that the diffuse reflection of human skin
follows Lambertian reflectance, we propose a Hand Albedo
and Mesh (HAM) optimization module to refine the coarse
mesh, which takes advantage of both SFS and inverse ren-
dering. To ensure the coherence in the mesh optimization
process, we incorporate four effective regularization terms
described in the following.

We utilize M, as the initial model that is obtained from
the MANO subdivision with 49,281 vertices and 98,432
faces. The albedo values p are assigned to each vertex and an
inverse renderer ( is employed to generate albedo map C,
and normal map Cp. The inverse renderer ( is represented
as follows

C= C(C, V7F77r)7 (8)

where V' and F denote the vertices and faces of mesh M,.,
respectively. The feature at each vertex, such as normal and
albedo, is represented by c. The rendering map C is obtained
by the inverse renderer (. With the calibrated images I°, the
HAM optimizes the vertex positions V' and vertex albedo p
by minimizing the texture loss £; in the following equation

Ly=> |B(r")-TI, )

where B(7*) represents the rendered image under camera
parameters 7°. It is obtained by computing the illumination

1782

matrix G, the normal map Cy and the albedo map C, as
below ‘

B(r')=C, - SH(G,Cy), (10)
where S H (-) represents sphere harmonic (SH) function with
the third order. Considering the variations in lighting across
different views, we optimize the lighting matrix G during
the process. We compute the texture loss between B(7?) and
the original image I° as the loss L;.

To enhance the efficacy of extracting geometric informa-
tion from shadows, the regularization term £, is introduced.
This term is especially designed to align with the observa-
tion that human skin tends to exhibit the consistent color. £,
is defined as follows

L, =ML, (11)

where L denotes the Laplacian matrix. A is the balanced
weight. To ensure the optimized vertices to be smoothing,
we introduce the following term for conforming to the geo-
metric characteristics of the hand

Lr=XL*xV + A3Lpask + MLe + AsLa
=ML #V + X3 Y |M— Myanol

F D EGIP + A5 D NAVH P
%,7 [

Specifically, L,,,,sk represents the L, loss between the ren-
dered mask and the original MANO mask. F;; is obtained
by calculating the Euclidean distance || - || between adja-
cent vertices V; and V; on the mesh edges. L. is employed
to restrict the length of E;;. Let AV represent the displace-
ment distance of vertices V;. L, is utilized to ensure that the
optimized hand remains close to the MANO model. Each
term is assigned with a constant coefficient denoted by .
The overall loss function L; 4 is defined as below

£total = Et + Ep + £7‘- (13)

The HAM module facilitates the refinement of the hand
model by jointly optimizing both the mesh vertices V' and
albedo p. This results in a high-quality output M that re-
tains the consistent topology.

12)

Texture Optimization and Joint Refinement

While having achieved geometric alignment of the fine
mesh, there are still some limitations in image rendering and
mesh refinement. To alleviate this issue, we adopt a mesh-
based neural rendering method. Leveraging the preserved
topology of our refined hands, the neural rendering model
can be pre-trained with diverse hand data, thereby reducing
the training time for each individual hand. We propose an
efficient strategy that involves the pre-training a neural ren-
dering network using a large amount of hand data, followed
by fine-tuning on individual data, and ultimately conducting
joint optimization with the mesh to achieve hyper-realistic
rendering and accurate geometry.

Having acquired a refined mesh denoted as M f(V, F)
along with its corresponding vertex albedo p, we aim to en-
hance the accuracy of the rendered texture. To this end, we
design a neural renderer 7 defined as below

t(r) = T(x,f, p,n), (14)
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where the output pixel value t is determined by the direction
of the light ray r. At a given pixel position, the texture field
t is adjusted with respect to the position x, feature vector
f, albedo p, and normal n, which are obtained by inverse
rendering (. For the neural renderer, we employ the MLPs
with four layers, each of which consists of 256 dimensions.
The length of vertex features f is set to 20. The training loss
is defined as follows

Eteaz = Z|£z _IZ‘

Pre-training. During the pre-training, we conduct sampling
from the subdivided MANO mesh M, instead of utilizing
M ;. Through the pre-training, we obtain a well-trained neu-
ral renderer that unifies the vertices features f independent
from position x, albedo p and normal n.

Fine-tuning. Given the diversity of data and potential
overfitting during training, the pre-trained neural rendering
model often yields average results, which is unable to cap-
ture intricate texture details. To synthesize high-fidelity hand
images and achieve promising rendering quality, it is neces-
sary to fine-tune the model for each specific dataset. The
advantage of the pre-trained model lies in its capacity to ac-
celerate neural rendering, allowing for efficient completion
of fine-tuning within minutes. During the fine-tuning pro-
cess, we employ the vertices of mesh M ¢ obtained from
Mesh Refinement along with its corresponding albedo for
training. Both the vertex features f and the neural renderer
T are set to be learnable.

Joint Optimization. After achieving fine geometric struc-
tures and realistic image rendering, it becomes necessary to
perform joint optimization on both mesh and texture to fur-
ther enhance the overall quality. Drawing inspiration from
(Walker et al. 2023), we adopt a geometry-based shader t
with the detached output t of t(r), which is illustrated as

follows ~ o
t(r) =T(t, f,p,n). (16)
To fine-tune the geometry and train the geometry-based
shader, the loss functions £, and £, depicted in Eq. 12 are
employed to ensure surface smoothness. Moreover, the ver-
tices are designated to be learnable. The shader loss is for-
mulated as follows

Egeo = Z |Ez - IZ‘ + Vl‘ce + ’YQ‘Cd-

where 1 and -, are weights for L. and L4, respectively.

(15)

(amn

Experiments
Datasets

InterHand2.6M. InterHand2.6M (Moon et al. 2020) is a
large-scale dataset, comprising images of size 512 x 334
pixels and associated MANO annotations. The dataset con-
tains multi-view temporal sequences of single hand as well
as interacting hands. Our experiments primarily focus on the
5 FPS version of the InterHand2.6M dataset. In all experi-
ments, both the GCN-based network and pre-trained neural
rendering network are trained using the data from the train-
ing set.

DeepHandMesh. The DeepHandMesh dataset (Moon, Shi-
ratori, and Lee 2020) consists of images captured from five
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different views with the same size as the images in Inter-
Hand2.6M dataset. Additionally, this dataset provides the
corresponding 3D hand scans, which enables the validation
of the mesh reconstruction quality against 3D ground truth.
Our Dataset. Due to the restricted resolution of the above
datasets, the attainment of higher geometric precision and
color fidelity requires high-resolution hand images. To ad-
dress this issue, we collect a dataset using 16 calibrated cam-
eras, which captures the synchronized images at a resolution
of 1280 x 1024 pixels at 15 FPS. The cameras are distributed
mainly in a semi-circle and placed at various heights to en-
sure a comprehensive visual coverage.

Implementation Details and Metrics

Optimization. To achieve the fine-grained mesh, we adopt
a subdivision technique inspired by (Chen, Wang, and
Shum 2023), which expands the original 778 vertices in the
MANO model to a total of 49,281 vertices. During the opti-
mization process, we utilize the Adam optimizer (Kingma
and Ba 2014) with the balanced weights of \; 20,
A2 = 40, A3 = 20, A4 = 100, and A5 = 2 to jointly optimize
the vertices, vertex albedo, and lighting coefficients over 100
iterations. This optimization process takes approximately
20 seconds. Additionally, the neural renderer is pre-trained
on InterHand2.6M dataset for 20 epochs. Subsequently, for
fine-tuning and joint optimization, each process requires 100
epochs of training with v; = 100 and 2 = 2, respectively.
Notably, the entire optimization pipeline is computationally
efficient, which takes approximately 90 seconds on a single
NVIDIA 3090Ti GPU.

Evaluation Metrics. We evaluate the accuracy of the re-
constructed 3D surface by computing the average point-to-
surface Euclidean distance (P2S) between the vertices of
the recovered surface and their corresponding ground truth,
which are measured in millimetre. Due to the disparate
size ranging between the generated hand mesh and the 3D
scans in the DeepHandMesh data, the Chamfer distance met-
ric is considered unsuitable. In line with prior research in
neural rendering, peak signal-to-noise ratio (PSNR), struc-
tural similarity index (SSIM), and learned perceptual image
patch similarity (LPIPS) are adopted as evaluation metrics
to gauge the fidelity of the synthesized image results.

Results on Hand Reconstruction

Results of InterHand2.6M. To evaluate the quality of
novel view synthesis, we conduct experiments on the In-
terHand2.6M dataset using 10 views and evaluate on the
rest views. Table 1 summarizes the evaluation results on
rendering quality. Fig. 4 illustrates the visual comparisons
against HandNeRF (Guo et al. 2023), HandAvatar (Chen,
Wang, and Shum 2023) and NeuS (Wang et al. 2021). The
metrics of Ani-NeRF are extracted from the data presented
in (Guo et al. 2023). It is important to note that HandA-
vatar lacks support for interactive hands, while HandNeRF
is not able to directly predict geometry. Both HandNeRF and
HandAuvatar rely on learning from video sequence for voxel
rendering with large pose variations, which may result in
smoothing texture. By taking advantage of the design of our
topology-consistent hand mesh and the mesh-based neural
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a) MANO b) HandAvatar
Untouched
Hands
Occluded
Hands
a) HandNeRF b) NeuS ¢) Our Mesh d) Our Rendering ¢) Ground Truth

Figure 4: Qualitative performance comparison. We show the rendering results of single hand (first two rows) and dual hands
(last four rows), which are optimized and trained from 10-view images. The hands rendered with pure white color represent the

shading in order to highlight the level of mesh detail.

Method test/Capture0-Single test/Capturel-Single test/CaptureQ-Interacting
LPIPS| PSNR?t SSIM1 || LPIPS| PSNR{ SSIM1 || LPIPS| PSNR?1 SSIM?
Ani-NeRF 0.0621 31.78 0.968 - - - 0.0798 29.35 0.949
HandAvatar 0.0504 33.01 0.933 0.0425 32.12 0.938 - - -
HandNerf 0.0375 32.70 0.974 - - - 0.0367 30.62 0.958
NeuS 0.0197 35.34 0.986 0.0211 34.98 0.984 0.0743 31.46 0.927
Ours 0.0069 37.26 0.992 0.0098 3791 0.991 0.0126 37.08 0.986

Table 1: Rendering quality comparisons among our method and prior arts on the InterHand2.6M dataset.

Two

Thumb  Shake-

Total

P2S | ) Init  HAM  Joint refine | P2S | PSNR 1
occlusions tuck speare | Average 7 1.873 _
DHM 3.467 2.624 1.773 2.937 v v 5.506 31.96
w/o.HAM 1.637 2.317 1.668 1.873 v v 1457  35.68
Ours 1.532 1.281 1.271 1.456 v v v 1.456 37.91

Table 2: Mesh reconstruction quality comparison among
ours and DHM (Moon, Shiratori, and Lee 2020) on Deep-
HandMesh dataset with 5 views.

rendering network, our presented method achieves PSNR of
37dB with just about one minute of fine-tuning. Comparing
to NeuS, some semi-transparent mist-like artifacts are ob-
served around the rendered hand, as shown in Fig. 4.

Results of DeepHandMesh. In the DeepHandMesh dataset,
five views are utilized to estimate MANO parameters and
optimize the mesh. 3D scans of DeepHandMesh is employed
to assess the geometric quality. Table 2 reports the mesh ge-
ometry quality, and Fig. 5 shows the generated mesh. Unlike
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Table 3: The impact of coarse initialization, HAM and joint
refinement on rendering quality and mesh geometry.

DeepHandMesh relying on weakly supervised learning from
depth maps, our method leverages the diffuse reflection as-
sumption and incorporates the HAM module to achieve fine-
grained hand reconstruction with sparse views. It is chal-
lenging for learning-based methods to capture the personal-
ized details on DeepHandMesh, which leads to smoothing
results due to their generalization capability. In contrast, the
multi-view reconstruction method, NeuS (Wang et al. 2021),
fails due to the insufficient number of views.

Results of Our Dataset. Fig. 6 shows the results of our
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a) DHM  b) Ours w/o. JR ¢) Ours d) 3D scans

Figure 5: Comparison on mesh quality. The generated
meshes are compared in terms of geometric quality using
5 different views on the DeepHandMesh (Moon, Shiratori,
and Lee 2020) dataset. JR represents the Joint Refinement.

a) Images b) InterHand2.6M ¢) Ours

Figure 7: Comparison on MANO meshes. We compare our
proposed GCN-based network with the annotations from the
InterHand2.6M dataset.

Images a) NeuS b) Ours

Figure 6: Results of our dataset. To evaluate both geometric
accuracy and rendering quality, we compare our framework
with NeuS (Wang et al. 2021) on our dataset.

Images a) MANO b) Our Init. c) HAM

Figure 8: The visual results of different methods on mesh

dataset. Our dataset exhibits a more authentic color qual- .
geometry quality.

ity. The experimental results indicate that our proposed ap-
proach is effective for various datasets with different capture
devices. Due to the absence of hand priors, the mesh gener-
ated by NeuS (Wang et al. 2021) may not conform to the
characteristics typically associated with hands.

may exhibit artifacts resulting from shading inconsistencies
and ambiguous reflectance. Comparison results in Table 3
clearly demonstrate the significant improvement in image
Ablation Study quality achieved through joint refinement. The visualiza-
tions presented in Fig. 4 further illustrate that neural ren-
dering excels in reconstructing accurate lighting conditions
compared to the results of HAM module. Although the ge-
ometric optimization achieves the subtle metrics changes in
terms of rendering results, it effectively eliminates the non-
smoothing singularities, as shown in Fig. 5.

Coarse Initialization. We directly compare our results with
the annotations in the InterHand2.6M dataset. As illustrated
in Fig. 7, the MANO model generated by our GCN-based
network exhibits a closer alignment with the hands in the im-
ages. Moreover, Table 3 demonstrates that directly using the
MANO parameters provided by the dataset may introduce
errors, which will subsequently affect the rendering quality

and reconstruction results. Conclusion

Effects of HAM. The results reported in Fig. 8 provide In this paper, we introduced a novel fine-grained multi-view
clear evidence of the substantial impact of mesh subdivi- hand mesh reconstruction method by leveraging effective in-
sion and the HAM module in achieving fine-detailed hand verse rendering to restore hand poses and intricate details.
reconstructions. The mesh subdivision process effectively Our approach predicted a parametric hand mesh model by
increases the number of vertices in MANO model, while the a GCN-based network while refining both the hand mesh
HAM module plays a crucial role in capturing the surface and textures through the Hand Albedo and Mesh (HAM)
wrinkles and intricate details of the reconstructed hand. As optimization module. To generate photo-realistic image, we
indicated in Table 3, the inclusion of HAM module greatly suggested an effective mesh-based neural rendering scheme
contributes to generating the surface reconstructions that by fusing the pre-trained rendering network with vertex fea-
closely resemble the real 3D scans. tures. Through extensive experiments on diverse datasets,
Texture Optimization and Joint Refinement. Due to the promising results demonstrated the efficacy of our pro-

variations in viewpoints, the mesh generated by HAM posed approach.
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