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Abstract— This paper presents a method to learn hand-object
interaction prior for reconstructing a 3D hand-object scene
from a single RGB image. The inference as well as training-
data generation for 3D hand-object scene reconstruction is
challenging due to the depth ambiguity of a single image and
occlusions by the hand and object. We turn this challenge into
an opportunity by utilizing the hand shape to constrain the
possible relative configuration of the hand and object geometry.
We design a generalizable implicit function, HandNeRF, that
explicitly encodes the correlation of the 3D hand shape features
and 2D object features to predict the hand and object scene
geometry. With experiments on real-world datasets, we show
that HandNeRF can reconstruct hand-object scenes of novel
grasp configurations more accurately than comparable meth-
ods. Moreover, we demonstrate that object reconstruction from
HandNeRF ensures more accurate execution of downstream
tasks, such as grasping for robotic hand-over.

I. INTRODUCTION

The understanding of 3D hand-object interactions, i.e.,
semantic reconstruction of hand and object geometry, is key
to applications such as human-to-robot object handover, and
augmented and virtual reality. Most of the current methods
are primarily based on template-based approaches, where a
known 3D CAD model of a hand and an object is assumed.
The major focus is predicting the transformation that fits the
known 3D CAD model to input observation [1]–[3]. Even
with these assumptions, the hand and object reconstruction
from a single RGB image are both difficult tasks due to depth
ambiguity, partial observation, and mutual occlusions.

The 3D hand reconstruction methods have seen significant
advances [4]–[6] owing to large-scale hand datasets and
automated reliable 3D hand annotations [7]–[11]. In contrast,
the progress in reconstruction of grasped objects from a
single RGB image is relatively limited due to lack of data.
Generating a 3D CAD model of large set of object and
labeling 6D poses in hand-object interaction scenes are labor-
intensive and challenging. The sparsity of views in realworld
data collection settings makes the labeling ambiguous, often
requiring manual initialization and post-processing for refin-
ing 6D object pose annotations [9], [12].

In this paper, we present a new method, named HandNeRF,
that estimates a semantic neural radiance field of a hand-
object interaction scene from a single RGB image and
without using an object template. HandNeRF predicts the
density (occupancy), color, and semantic label (hand, object,
or background) for points in the 3D space which can be used
for 3D semantic reconstruction and novel view synthesis. The
key technical contribution of HandNeRF is that it alleviates
the ill-posed 2D to 3D reconstruction problem by utilizing
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Fig. 1: Given a single RGB image of a hand-object interaction
scene, HandNeRF predicts the hand and object’s density, color, and
semantics, which can be converted to reconstruction of 3D hand and
object meshes and rendered to novel view images (RGB, depth, and
semantic segmentation). HandNeRF learns the correlation between
hand and object geometry from different types of hand-object
interactions, supervised by sparse view images. HandNeRF is tested
on a novel scene with an unseen hand-object interaction.

the hand shape to constrain the possible relative configura-
tion of hand and object geometry. In particular, HandNeRF
explicitly learns the correlation between hand and object
geometry to regularize their semantic reconstruction.

HandNeRF is trained on multiple hand-object interaction
scenes to learn the correlation between hand and object
geometry. Each scene has synchronized sparse view RGB
images, 3D hand mesh annotation, and 2D semantic seg-
mentation. At the inference time, a single RGB image
with a novel grasp configuration is given. Fig. 1 illustrates
HandNeRF, which is trained with sparse view RGB images
and generates high-quality 3D reconstruction and rendering
of images from an unseen single RGB input.

We evaluate HandNeRF on realworld datasets including
DexYCB [9] and HO-3D v3 [13] in terms of novel view
synthesis and 3D reconstruction. We compare with the state-
of-the-art template-free baselines [14]–[16], which we adapt
to the task of reconstructing hand-object interaction with-
out 3D object ground truth during training. Following the
previous works [15], [17], we first keep the object used
in training and testing the same, but the grasp configura-
tion at testing is chosen to be significantly different from
those during training. We further evaluate the generalization
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capability of HandNeRF by testing the model trained on
15 DexYCB objects on 4 unseen DexYCB objects. By
learning the hand-object interaction prior with the explicit
hand and object correlation, HandNeRF outperforms the
baselines in generalization to novel hand grasp, which entails
unseen occlusions and object poses, and novel object shapes.
Finally, we quantitatively and qualitatively demonstrate that
HandNeRF enables more accurate execution of a downstream
task of grasping for robotic hand-over.

II. RELATED WORK

HandNeRF lies at the intersection of understanding 3D
hand-object interaction and implicit neural representations.
3D reconstruction of hand-object interaction: The study
on the understanding of 3D hand-object interactions [12],
[18]–[20] refers to semantic reconstruction of the hand and
object geometry. In the context of this task, the existing
methods for hand and object reconstruction are primarily
based on template-based approaches, where the template
indicates a known 3D CAD model of a hand and an object.
The 3D hand reconstruction focuses on predicting mesh
parameters, such as MANO [21], and has seen a significant
advance due to large-scale datasets [7], [9], [10] and success
of deep learning-based approaches [6], [22], [23]. Whereas,
the 3D object reconstruction is approached as 6D pose
estimation [1]–[3], which predicts the transformation that fits
the known 3D CAD model to input observation.

The template-based approach for object reconstruction has
two main limitations regarding the collection of training data.
First, it is costly and labor-intensive to obtain every object’s
3D CAD model, requiring 3D scanning or a dense multi-
view camera setup. Second, labeling 6D object poses in
hand-object scenes is challenging due to hand occlusions
and becomes ambiguous if the captured views are sparse.
In contrast, for training HandNeRF, we require only a few
sparse RGB views of hand-object interaction scenes and
hand-pose annotations, which can be automated [10], [11].

Recently, a few works [15], [19], [24] proposed methods
that reconstruct a hand-held object without a known template.
For example, IHOI [15] conditions object reconstruction on
the hand articulation and predicts a signed distance field
of the object. While these methods are template-free at
the inference time, they still require 3D object meshes for
training. Therefore, they suffer with the same data collection
problems as the template-based methods.
Implicit neural representation from sparse view RGB
images: The sparse view-specific NeRF (Neural Radiance
Field) representations have gained attention in object re-
construction [14], [25]–[27] and 3D human body recon-
struction [16], [28]–[30]. Without any 3D annotation, they
reconstruct a plausible 3D scene when optimized over a
single scene only with sparse views. These methods address
the limitations of multi-view reconstruction approaches such
as vanilla NeRF [31] and SfM (Structure from Motion),
which require a dense capture setup and fail when given
sparse views [32]. These representations are explored for
generalization by learning object appearance and geometry

priors from multiple scenes. When tested on novel scenes
with unseen object poses or unseen objects, a partial 3D
reconstruction is achieved, although with blurry textures and
noisy geometry. This limited performance is inevitable due to
sparsity of input views, but the practical applications of these
methods is significant. Nevertheless, scenes with a single
view or hand-held objects are are less studied.

Our work is most relevant to the work of Choi et al. [16],
MonoNHR. It reconstructs a neural radiance field of a
clothed human body from a single RGB image without
ground truth 3D scans of clothed humans, by conditioning
on a human body mesh [33]. While the task and approach
are analogous to ours, MonoNHR does not explicitly encode
correlation between the object (clothes) and hand (body).

III. METHOD

The motivation for HandNeRF is to tackle the challenges
of 3D scene reconstruction from a 2D RGB image, such
as depth uncertainties and partial observation. HandNeRF
achieves this by learning hand-object interaction feature that
correlates the hand and object geometry, given a 3D hand
shape and 2D object segmentation.

A. Modeling Hand-object Interaction

Consider a point on a 3D object, xo ∈ R3 where its
occupancy or density is σ ∈ [0, 1], i.e., one if occupied,
and zero otherwise. The problem of 3D reconstruction of
the object can be cast as learning a function that predicts the
density given the location and associated 3D feature fo:

f(xo, fo) = σ, (1)

where f is an implicit function of which zero-level set
defines the surface of the object. Despite the success of
representing objects [14] and humans [34], Equation (1) has
a limited capability to express complex scenes such as hand-
object interaction scenes.

We extend Equation (1) by incorporating the interactions
between the object and hand. Consider a 3D hand mesh M =
{mi} that is made of a set of faces, where mi is the ith face
of the mesh. Each face in the mesh is associated with a 3D
feature fh. We marginalize the density of the object over the
density predicted by the hand mesh:

f(xo, fo) =
∑

xh∈M
f(xo, fo|xh, fh)f(xh, fh), (2)

where xh is the centroid of the vertices of the face mi,
f(xo, fo|xh, fh) is the conditional density given the hand
pose and its feature, and f(xh, fh) = {0, 1} is the hand
occupancy provided by 3D hand mesh estimation.

Learning f(xo, fo|xh, fh) is challenging due to the
quadratic complexity of pairwise relationship between all
possible pairs of hand and object points (xh,xo). Instead,
we propose to learn an interaction feature F , a correlation
between fo and fh through a series of 3D convolutions:

F = ϕn ◦ · · · ◦ ϕ1 ◦ V, (3)
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Fig. 2: We visualize object reconstruction with the hand estima-
tion from HandOccNet [5]. Using explicit hand-object interaction
features, HandNeRF generates more accurate reconstruction.

where F ∈ Rw×h×d×c is the volume of the interaction
features with w width, h height, d depth, c feature dimension,
and ϕ1, · · · , ϕn are the 3D convolutional filters. The interac-
tion feature F|xo

evaluated at an object point xo is expected
to encode how hand surface points contribute to predicting
the occupancy of the point xo of the object. The input to the
3D CNN is V ∈ Rw×h×d×c′ , which is the feature volume
with the c′ feature dimension that includes both hand and
object features:

Vx =

 fh if x ∈ {mi}
fo else if Πx ∈ O
0 otherwise

, (4)

where Vx is the feature at x, {mi} is a set of the centriods
of the hand mesh faces, Πx is the camera projection of x to
the input image, and O is the 2D input object mask.

With the interaction feature F , we extend Equation (1) to
include the color, c ∈ R3, and semantic label l ∈ [0, 1]L

where L = 3 is the number of semantic classes (i.e., hand,
object, and background):

f(xo,d, f2D,F|xo) = (σ, c, l), (5)

where d is the rendering viewing direction, and f2D is the
pixel-aligned image feature of xo. With the prediction of
the volume density, color radiance, and semantic label, we
render each pixel with its label by integrating the density
field. Please refer to Semantic-NeRF [35] for more technical
detail of semantic neural rendering.

Fig. 2 shows the impact of the interaction feature F .
Our method and MonoNHR [16] both use 3D CNNs to
encode features volumetrically based on estimated 3D hand
mesh. Unlike MonoNHR, ours explicitly learns hand-object
interactions as elaborated, enabling robust object geometry
reconstruction even for unobserved and occluded surfaces.

B. Implementation of HandNeRF

We learn the representation of the hand-object interaction
by minimizing the following loss:

L =
∑
p∈R

(∥∥∥Ĉ(p)− C(p)
∥∥∥2
2
−

L∑
i=1

Li(p) log(L̂i(p))

)

where R is a set of pixels in multiview images, Ĉ(p) and
C(p) are the predicted and ground truth color of pixel p,
respectively, and L̂i(p) and Li(p) are the predicted and
ground truth semantic label at pixel p.

We design a novel network called HandNeRF that predicts
a semantic neural radiance field from a single RGB image,
as shown in Fig. 3. It is composed of ResNet-18 [36] for
feature extraction, sparse 3D convolution layers [37] for
volume feature encoding, and linear layers for the neural field
estimation. During training, the estimated semantic neural
radiance field is validated by projecting on sparse views.
Input Features: We deproject a 2D image feature extracted
from an image to the points in the 3D volume V to compose
the 3D hand feature fh and the 2D object feature fo in
Equation (4). The 3D hand feature is made of three com-
ponents: fh =

[
hT ϕ(mi)

T ψ(i)T
]T

, where h encodes
the visual context of hand-object interaction that is obtained
from the 2D image feature at the projection of mi. ϕ(mi) is
a positional encoding of the centroid’s coordinate, and ψ(i) is
the positional encoding of the face index. ψ(i) semantically
differentiates a 3D hand point xh from different points that
are possibly empty, belong to different hand faces, or an
object. The 2D object feature is designed in a similar fashion:
fo =

[
oT ϕ(xo)

T eT
]T

, where o is the 2D image feature
at the projection of xo, and e is a constant value for all xo,
where xo ∈ {x | Πx ∈ O and x /∈ {mi}}.
3D CNN Design: We correlate the 3D hand feature fh and
the 2D object feature fo with a sparse 3D CNN [37] that takes
the feature volume V as input, to learn the interaction feature.
The sparse 3D CNN produces multi-scale feature volumes,
which conceptually add up to the interaction feature volume
F by concatenation along the feature channel dimension. In
practice, we keep the feature volumes separated and extract
the interaction feature F|x of a query point x per volume
with tri-linear interpolation.

IV. EXPERIMENTS

In this section, we first validate our design of HandNeRF
method by conducting detailed ablation studies. Then, we
evaluate against the state-of-the-art baselines [14]–[16] that
are adapted to be trained on sparse view images without
an object template and to be tested on a single image. We
adapted IHOI [15] to training with sparse view images,
instead of template-based object annotation as in the original
paper, and named it as IHOINeRF. For IHOINeRF, training
with semantic labels fails to converge where reconstruction
accuracy for hand and object cannot be measured.
Metrics: To assess the rendering quality, we use four metrics
by comparing with the ground truth images: peak signal-
to-noise ratio (PSNR), semantic segmentation intersection
over union (IoU), structural similarity index (SSIM), and
LPIPS [38]. For the 3D reconstruction accuracy, we compare
3D distance with the ground truth by converting the recon-
structed neural radiance field to a 3D mesh using Marching
cubes algorithm [39]. F-scores at 5mm and 10mm thresholds,
and Chamfer distance (CD) in millimeters are used. We
evaluate hand and object separately using 3D segmentation
from the predicted semantics.
Datasets: We use DexYCB [9] and HO-3D v3 [13] datasets
for comparison. In DexYCB, a hand performing object
handover is captured from 8 views, and 5 sequences per
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Fig. 3: HandNeRF takes a single RGB image and predicts the volume density, color radiance, and semantic label of each query point
in a neural field. It explicitly encodes the correlation between hand and object features in 3D space, which provides more accurate 3D
reconstruction and novel view synthesis.
TABLE I: Ablation study. Our model M5 provides the highest rendering quality, F-scores, and lowest Chamfer Distances (CD) for novel
hand-object interaction scenes’ object geometry. Subscripts w, o, and h indicate whole, object, and hand evaluation respectively.

Method: features Architect. PSNR↑ IoU↑ SSIM↑ LPIPS↓ Fw-5 ↑ Fw-10 ↑ CDw ↓ Fo-5 ↑ Fo-10 ↑ CDo ↓ Fh-5 ↑ Fh-10 ↑ CDh ↓
M1: fh, fo+f2D Transf. 19.40 0.61 0.63 0.30 0.36 0.64 0.85 0.32 0.56 1.57 0.27 0.55 1.42
M2: f2D

3D CNN

19.09 0.61 0.60 0.31 0.30 0.56 1.17 0.28 0.47 2.90 0.19 0.49 1.56
M3: fh, fo 20.11 0.77 0.65 0.27 0.47 0.78 0.30 0.41 0.68 0.62 0.54 0.92 0.12
M4: fh+f2D 20.31 0.72 0.68 0.26 0.40 0.68 0.79 0.30 0.53 1.73 0.54 0.92 0.09
M5 (ours): fh, fo+f2D 21.66 0.79 0.70 0.24 0.47 0.79 0.27 0.43 0.70 0.56 0.53 0.91 0.10

object are recorded where each sequence shows a distinct
grasp pattern. Per object, we keep 4 sequences for training
and 1 sequence for testing to validate generalization to novel
hand grasps. In Ho-3D v3, an object grasped in a hand is
captured from 5 views and 1 sequence per object is recorded
where a grasping hand pose changes over time during the
sequence. For every object, we split the data to training and
testing sets such that the testing set has significantly different
grasping hand poses that those in the training set.

A. Ablation Study

In Table I, we summarize our ablation study to measure the
impact of our method design choices. To focus on evaluation
of generalization to novel grasp configurations, we train each
method per object and average the metrics in the table. We
use 4 objects from DexYCB dataset with distinct shapes:
‘Cracker Box’, ‘Banana’, ‘Power Drill’, and ‘Coffee Can’.
In inference time, all methods use the same 3D hand mesh
and 2D object segmentation provided in DexYCB.
Effect of explicit interaction encoding: Our main hypoth-
esis is that learning the correlation between hand and object
geometry explicitly can regulate the 3D reconstruction of
the grasped object given the 3D hand shape. We compare
two methods to validate this hypothesis: (M2: f2D) Pixel-
NeRF [14] adapted to a single input image that uses the 2D
image feature without the 3D hand feature and (M3: fh, fo) a
method that uses the 3D hand and 2D object feature without
the 2D image feature. As shown in Table I, by exploiting
the 3D hand feature, M3 successfully imposes constraints
on the relative geometries of hand and object, and provides
better generalization to novel hand-object interactions. The
results support that our learned interaction feature F that
explicitly encodes hand-object correlations is effective to
infer a 3D object geometry without requiring its 3D ground
truth during training. The performance of the 3D feature is
more pronounced for our method (M5: fh, fo + f2D) that
leverages both the 2D image feature and the 3D feature.
Significance of 2D object feature: HandNeRF differs from

the existing approaches [15], [16] by using explicit repre-
sentation of an object with respect to a 3D hand. To verify
the effectiveness of the 2D object feature, we compare two
methods: (M4: fh + f2D) a method that implicitly learns
the hand-object interactions similar to MonoNHR [16] and
(M5: fh, fo + f2D) our method that explicitly models the
interactions through the 2D object feature. As shown in
Table I, M4 tends to overfit to hand reconstruction and
produces poor results for object reconstruction. This implies
that without the explicitly defined 2D object feature and its
correlation with the hand pose, a strong prior coming from
the given hand pose information dominates the prediction
while ignoring object information from an input image.
Effect of 3D CNN: Learning hand-object interaction from
Equation (2) is challenging due to the complex quadratic
pairwise relationship, requiring a large number of data.
Instead, we approximate the quadratic relationship in 3D
space using a 3D CNN in Equation (3). We compare against a
method (M1) that directly learns the all pairwise relationship
between hand and object points using Transformer [43]. As
shown in Table I, using the 3D CNN (M5) outperforms M1 in
all metrics. Considering the higher gap between training and
testing PSNR of M1 (e.g., M1: 4.55 vs. M5: 3.6), the result
indicates that our method based on a 3D CNN is resilient to
overfitting. Moreover, the model complexity of M1 is over 10
times than ours, comparing the number of model parameters
(M1: 27.1K vs. M5: 2.1K).

B. Comparison with State-of-the-art Methods

We first evaluate the generalization to novel grasps on the
objects seen during training. We assess the generalization to
novel object shape by training on 15 DexYCB objects and
testing on 4 unseen ones. Finally, we demonstrate the use of
reconstruction for grasp planning for robotic handover.
Generalization to novel grasps: Table II and Fig. 4 present
quantitative and qualitative evaluation on DexYCB and
HO3D v3. Given the ground truth grasping hand shape,
HandNeRF shows the highest rendering quality scores and
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TABLE II: Comparison with state-of-the-art baselines on DexYCB and HO-3D v3. Subscripts w, o, and h indicate whole, object, and
hand evaluation, respectively. † indicates use of ground truth 3D hand meshes for inputs, otherwise HandOccNet [5]’s estimation is used.
MPJPEs (mean per joint position error) of the estimation are 12mm and 34mm in DexYCB and HO3D v3, respectively.

Method Dataset PSNR↑ IoU↑ SSIM↑ LPIPS↓ Fw-5 ↑ Fw-10 ↑ CDw ↓ Fo-5 ↑ Fo-10 ↑ CDo ↓ Fh-5 ↑ Fh-10 ↑ CDh ↓
PixelNeRF

DexYCB

19.09 0.61 0.60 0.31 0.30 0.56 1.17 0.28 0.47 2.90 0.19 0.49 1.56
IHOINeRF 18.49 - 0.60 0.31 0.31 0.60 1.15 − − − − − −
IHOINeRF† 19.82 - 0.64 0.27 0.38 0.69 0.54 − − − − − −
MonoNHR 19.36 0.63 0.64 0.30 0.37 0.62 3.19 0.25 0.43 8.59 0.49 0.89 0.11
MonoNHR† 19.66 0.68 0.66 0.29 0.40 0.64 3.05 0.26 0.45 8.58 0.55 0.92 0.08
HandNeRF 21.19 0.75 0.68 0.25 0.44 0.77 0.31 0.42 0.68 0.59 0.46 0.88 0.12
HandNeRF† 21.66 0.79 0.70 0.24 0.47 0.79 0.27 0.43 0.70 0.56 0.53 0.91 0.10
PixelNeRF

HO3D v3

18.82 0.69 0.65 0.23 0.38 0.69 0.75 0.36 0.58 1.14 0.29 0.68 0.41
IHOINeRF 18.55 - 0.65 0.23 0.28 0.56 1.15 − − − − − −
IHOINeRF† 19.40 - 0.68 0.21 0.41 0.73 0.65 − − − − − −
MonoNHR 16.98 0.66 0.60 0.21 0.28 0.53 2.09 0.19 0.37 3.49 0.33 0.65 0.64
MonoNHR† 19.34 0.75 0.70 0.22 0.45 0.74 0.97 0.36 0.59 1.50 0.52 0.92 0.08
HandNeRF 18.04 0.68 0.63 0.23 0.38 0.70 0.35 0.40 0.66 0.41 0.45 0.51 0.78
HandNeRF† 20.54 0.82 0.74 0.18 0.51 0.83 0.19 0.47 0.74 0.31 0.54 0.94 0.08

single RGB 
& 3D hand

GT RGB of
novel view IHOINeRF MonoNHR HandNeRF (Ours)

RGB depth segmt. mesh RGB depth segmt. mesh RGB depth segmt. mesh

Fig. 4: Qualitative results of novel view synthesis (image, depth, and semantic segmentation) and 3D mesh on DexYCB and HO3D v3.
Ground truth hand meshes are used as input. More qualitative results are shown in our paper on arXiv [40].
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Fig. 5: Qualitative results of novel view synthesis (image, depth, and semantic segmentation) and 3D mesh on DexYCB [9] and HO3D
v3 [41], given hand mesh estimation of HandOccNet [5]. The bottom results for scissors are using ground truth hand mesh for reference.

TABLE III: Comparison with state-of-the-art baselines on unseen objects of DexYCB [9]. Subscripts w, o, and h indicate whole, object,
and hand evaluation, respectively. The mesh estimate inputs are from HandOccNet [5]. † indicates using ground truth 3D hand meshes.

Method PSNR↑ IoU↑ SSIM↑ LPIPS↓ Fw-5 ↑ Fw-10 ↑ CDw ↓ Fo-5 ↑ Fo-10 ↑ CDo ↓ Fh-5 ↑ Fh-10 ↑ CDh ↓
PixelNeRF 18.85 0.58 0.58 0.34 0.21 0.47 1.09 0.22 0.44 1.31 0.10 0.31 2.09
IHOINeRF 18.05 - 0.56 0.36 0.11 0.24 625.30 − − − − − −
IHOINeRF† 20.21 - 0.64 0.31 0.32 0.51 1.89 − − − − − −
MonoNHR 17.04 0.47 0.52 0.37 0.26 0.51 1.52 0.17 0.34 2.89 0.37 0.73 0.73
MonoNHR† 19.06 0.66 0.63 0.31 0.48 0.71 1.13 0.43 0.64 1.76 0.53 0.82 0.49
HandNeRF 18.85 0.56 0.55 0.33 0.30 0.61 0.62 0.25 0.49 0.85 0.36 0.69 0.88
HandNeRF† 20.83 0.72 0.66 0.27 0.51 0.75 0.72 0.46 0.68 1.11 0.51 0.80 0.52

the highest F-scores, and the lowest CD (mm) for the whole
and object geometry of the novel hand-object interaction
scenes. For example, HandNeRF achieves approximately
1.5 times higher F-scores and significantly lower CD for
object reconstruction than those of PixelNeRF [14] and
MonoNHR [16]. This demonstrates HandNeRF’s effective
hand-object interaction priors compared to the baselines.

We also demonstrate HandNeRF’s robustness to erroneous

input hand meshes in Fig. 5, which is quantitatively ver-
ified in Table II. When using the hand pose estimation
from HandOccNet [5], instead of the ground truth, small
pose errors in the input hand mesh significantly impact
IHOINeRF and MonoNHR outputs. These methods fail to
recover half the scissors, implying limitations of implicit
interaction encoding. In contrast, given inaccurate 3D hand
input, HandNeRF retains reasonable reconstruction quality
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training RGB image 3D reconstruction testing RGB image 3D reconstruction

Fig. 6: HandNeRF generalizes to significantly different grasp con-
figerations at the inference time on in-house data. The reconstructed
object meshes are visualized with the input hand mesh.

a single RGB image PixelNeRF IHOINeRF MonoNHR HandNeRF (Ours)

Fig. 7: Qualitative results of generalization to novel object shapes.
The reconstructed 3D object mesh is visualized along with the
ground truth MANO hand mesh, which is used as input.

and renders more accurate novel views far from the input.
We further qualitatively demonstrate HandNeRF’s gener-

alization capability on in-house data in Fig. 6. Only 7 RGB
cameras are used for data collection and annotation of 3D
hand mesh and 2D object segmentation is fully automated.
Without ground truth of 3D object geometry during training,
HandNeRF exhibits good generalization to significantly dif-
ferent grasping poses and reasonably reconstructs the grasped
object from a single RGB image, leveraging the learned
hand-object interaction prior.
Generalization to novel object shape: As shown in Table III
and Fig. 7, HandNeRF consistently outperforms baselines on
most metrics, especially reconstructing robust object meshes
despite substantial shape dissimilarity between training and
test sets. Due to depth ambiguity in a single 2D RGB image,
baselines fail to recover overall object shape. For instance,
the ‘Banana’ is only partially reconstructed as its length is
unclear from the input. These results demonstrate Hand-
NeRF’s superior generalization, likely due to the explicit
hand and object geometry encoding effectively regularizing
plausible novel object geometry.
Application to grasp planning for handover: We eval-
uate grasp proposals from Contact-GraspNet [42] on re-
constructed meshes of HandNeRF and the baselines [14]–
[16], RGBD pointcloud of the input image, and ground truth
meshes. Grasps colliding with the hand mesh are filtered
out before evaluation. We measure the ratio of successful
grasp proposals, where a grasp is counted as successful if
it envelops a part of the ground truth object mesh without
colliding with it. Unseen scenes of two DexYCB objects
(‘Banana’, ‘Power Drill’) are used, as Contact-GraspNet
performed reliably on their ground truth meshes.

HandNeRF’s object reconstruction enables a 1.5 times
higher grasp proposal success ratio compared to baselines, as
shown in Table IV. Without depth information, HandNeRF

TABLE IV: We compare Contact-GraspNet [42] grasp quality on
HandNeRF against baseline reconstructions for DexYCB scenes.

Input Method Grasp proposal success ratio↑

RGB

PixelNeRF 0.46
IHOINeRF 0.42
MonoNHR 0.36
HandNeRF 0.63

RGBD - 0.26
GT mesh - 0.77

a single RGB image

Ground truth MonoNHR HandNeRF (Ours)

PixelNeRF IHOINeRF

Fig. 8: Qualitative results of Contact-GraspNet [42]’s grasp
proposals on reconstructed meshes of HandNeRF and the baselines.
The ground truth MANO hand mesh, which is used as input and
grasp collision filtering, is also visualized.

achieves a 63% grasp success ratio, approaching the 77%
achieved by Contact-GraspNet using ground truth meshes
and far exceeding the 26% from the input image point-
cloud. Fig. 8 visually demonstrates how HandNeRF’s more
accurate reconstruction increases successful grasp proposals.
Although the surface is locally coarse, HandNeRF’s recon-
structed global geometry, including the unobserved regions,
enables more accurate grasp planning.

V. DISCUSSION

In this paper, we investigate learning hand-object interac-
tion representations from a single RGB image. We propose
HandNeRF to predict a semantic neural radiance field of the
interaction scenes. The key novelty is utilizing hand shape
to constrain relative hand-object 3D configurations, explicitly
encoding their correlation. Unlike existing works, HandNeRF
does not require object templates, avoiding expensive 3D
labeling. Instead, it is supervised by sparse RGB views where
conventional multi-view methods like SfM fails. HandNeRF
outperforms state-of-the-art baselines in rendering and re-
construction on real data. It also demonstrates improved
downstream task performance given more accurate object
meshes, quantitatively and qualitatively.

Our method relies on off-the-shelf hand mesh estimation,
which struggles with severe occlusion by objects. Completely
wrong hand information can impair object reconstruction.
Blurry rendered novel view images, a core challenge in
sparse view NeRFs, are also our limitation. Future work
could model hand mesh uncertainty [44] to modulate its
impact and use language-grounded generative models [45]
to disambiguate unobserved surfaces.
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