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Abstract— General scene reconstruction refers to the task
of estimating the full 3D geometry and texture of a scene
containing previously unseen objects. In many practical appli-
cations such as AR/VR, autonomous navigation, and robotics,
only a single view of the scene may be available, making
the scene reconstruction task challenging. In this paper, we
present a method for scene reconstruction by structurally
breaking the problem into two steps: rendering novel views
via inpainting and 2D to 3D scene lifting. Specifically, we
leverage the generalization capability of large visual language
models (DALL-E 2) to inpaint the missing areas of scene
color images rendered from different views. Next, we lift these
inpainted images to 3D by predicting normals of the inpainted
image and solving for the missing depth values. By predicting
for normals instead of depth directly, our method allows for
robustness to changes in depth distributions and scale. With
rigorous quantitative evaluation, we show that our method
outperforms multiple baselines while providing generalization
to novel objects and scenes. Code and data is available at
https://samsunglabs.github.io/RIC-project-page/.

I. INTRODUCTION

An understanding of 3D scene geometry is essential for
many downstream applications. In robotics, it allows for
accurate manipulation and motion planning . In the field
of augmented reality, it allows for better mapping and
rendering to bridge the virtual world to the real world. With
smartphones and robots equipped with high-quality depth
sensors, 3D scene reconstruction task is becoming feasible.

These depth sensors allow for accurate reconstruction of
the observed parts of the scene. However, to reconstruct the
unseen parts, we must use prior information conditioned on
the observed information. The missing information in the
input image combined with the diversity in shapes, sizes,
and depth distribution of the household objects presents a
major challenge for scene reconstruction in-the-wild. In this
paper, we study this problem in a general setting, where the
goal is to reconstruct a complex scene with multiple novel
objects, given only one RGB-D image of the scene.

We present our method Rotate-Inpaint-Complete (RIC),
which predicts both the 3D geometry and the texture of the
unseen parts of the scene in the input image by leveraging
the inpainting capabilities of large visual-language models.
Given an RGB-D image of a scene, first we generate novel
views (RGB and depth images) by rotating and then project-
ing the input scene. Then we use a surface-aware masking
method to select regions in the image to allow us to inpaint
utilizing the powerful 2D inpainting capabilities of DALL-E
2 [1] for exposing the potential object geometry not visible in
the input image. Finally, we optimize the depth images using
the input depth values, as well as the occlusion boundaries
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Fig. 1: RIC inputs a single RGB-D image and generates
complete 3D scene reconstruction with texture (bottom-
left). RIC first Rotates the input RGB-D image to a novel
viewpoint, Inpaints the missing regions using generalizable
visual language models, and finally Completes the depth via
normal prediction and optimization. For comparison, input
as a point cloud is also shown on the bottom-left.

and normals estimated from the inpainted images. These
inpainted and completed novel RGB-D views provide the
reconstructed scene geometry as a fused point cloud with
associated textures. To mitigate the object hallucination and
spatial inconsistency of predictions from DALL-E 2, we use
a consistency filtering method to enforce consistency across
viewpoints which plays a crucial role for generalizable, yet
accurate and robust scene reconstruction.

In short, our main contributions are: i) We present an
integrated approach for scene completion of unseen objects
under occlusion and clutter, by solving the problem through
novel view inpainting and 2D to 3D scene lifting. ii) We
develop a method for selectively inpainting regions in the
novel views of the input scene that enables synthesis of
consistent 2D geometry. iii)) We train a 2D to 3D lifting
method on the YCB-V [2] dataset and demonstrate the
generalization capability to cluttered scenes containing novel
household objects and categories.
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Fig. 2: Method Overview: RIC takes as input an RGB-D image and starts by rendering incomplete RGB-D images I; and
D, from a new viewpoint T;. The missing RGB values of I; are inpainted using a diffusion-based VLM given a generated
prompt, such as “a photo of household objects on a table”, where the pixels to be inpainted are determined by our Surface-
Aware Masking (SAM) technique. The inpainted image is used to predict surface normals and occlusion boundaries at the
new viewpoint T;, which are then used for completing the missing depth values along with the incomplete depth image D,;.
After repeating this process for V' viewpoints, the final output of RIC is a merge of deprojected depth predictions.

II. RELATED WORK

Scene Reconstruction: While single-object reconstruction
is a well-studied problem, full-scene reconstruction is ex-
plored in limited settings. Previously works in scene recon-
struction were focused either on room scale [3], [4] or in
autonomous driving settings [5]-[7] where the scene geome-
tries are usually more structured. In this work, we focus on an
object-level scale, specifically tabletop environments, where
objects can be in cluttered configurations. While methods
like [8]-[10] show an accurate reconstruction of objects at
the scene level, they do not generalize to novel category ob-
jects. Recently, [11] introduced a method for reconstructing
3D geometries of objects and scenes of unseen categories,
and demonstrated generalization capability to objects in-the-
wild. However, different from our setting, they mostly focus
on isolated objects and scenes with little to no clutter. In
contrast, our method can reconstruct geometries and textures
of complex scenes with objects from novel categories under
heavy occlusions, as we show in our experiments.

Inpainting: While traditional inpainting methods made
use of hand-crafted image priors to fill small gaps for tasks
like image restoration [12], deep generative methods like
Generative Adversarial Networks (GAN) [13] have shown
remarkable success for tasks like image denoising [14],
super-resolution [15], and inpainting [16]-[18]. However,
GAN models are known for potentially unstable training for
large datasets [19]. More recently, resulting from the growth
of visual language diffusion models, which can be efficiently
trained on internet-scale datasets, inpainting through image
diffusion has shown great generalization capabilities to many
different objects and scenes [1]. In this paper, we develop
a process to use a visual language diffusion model for
inpainting cluttered scenes involving heavy occlusions.

Text-to-3D Synthesis: Recent papers such as [20]-[22]
have demonstrated the ability to generate 3D models of very
diverse objects from merely a text description. Despite the re-
alistic appearance, these generated objects are not grounded
to any real-world geometry. To overcome this limitation,
[23], [24] extended these methods to reconstruct based on

a ground truth reference image. These papers demonstrate
high accuracy on individual objects, but do not demonstrate
the ability to reconstruct multiple objects in cluttered scenes.
Moreover, their runtime is a concern, as optimizing neural
radiance fields [25] can take up to an hour. [26] attempts
to produce faster results by optimization without NeRF but
are still limited to single object reconstruction.

III. METHOD

In this section, we present our method Rotate-Inpaint-
Complete, or RIC, for generalizable reconstruction of a 3D
scene containing multiple objects, given a single RGB-D
image of the scene.

RIC takes in as input an RGB-D image Z = (I,D) €
RH*Wx4 and outputs a color point cloud S € RVN*(3+3),
where N is the number of predicted points in the scene.
Our method consists of three main components: 1) An
inpainting step that takes in an RGB-D image Z and outputs
an inpainted RGB image I; from a novel viewpoint T; €
SE(3). 2) A depth completion component that takes in the
inpainted RGB image I; as well as an incomplete depth
image D; rendered from the viewpoint T;, and outputs
a completed depth D; at that viewpoint. 3) A viewpoint
selection and consistency filtering method that utilizes the
above two components to generate completed RGB-D images
at rotated novel views and uses them to reconstruct the scene.
We explain each of these components in detail next.

A. Inpainting

This section describes the inpainting process, as well as
the intermediate steps taken before and after to go from the
input image I to I, at a novel viewpoint T';.

1) Rotate and Project RGB-D Image: Given an RGB-D
image of a scene and the camera intrinsics, we deproject
the image into a point cloud in the camera frame. This
point cloud is then projected onto a novel viewpoint T;
and the resulting image is masked using our Surface-Aware
Masking method (SAM), which we describe in detail in the
following section. The projection from this new viewpoint

2714



creates a new RGB-D image I; with missing RGB and depth
information as seen in Figure 2. Small holes of the missing
RGB values are filled with a naive inpainting algorithm [27]
by inpainting pixels that are covered after a morphological
closing operation of kernel size 5 is applied to the mask. The
larger missing areas are left for the deep inpainting module.

Inpainting w/o SAM

Inpainting with SAM

ko
s

(a) 3D rndering Y (b) Masking (c) Ir;painting
Fig. 3: Surface-Aware Masking (SAM) is a necessary step to
obtain realistic inpaintings. Naively rotating the input point
cloud moves the background pixels next to the foreground
object pixels (b-top) which results in poor inpainting (c-top).
Using SAM, we correctly mask out the background pixels
which results in good inpainting results (b-bottom).

2) Surface-Aware Masking: In order for inpainting to
work properly, a mask covering the areas to inpaint needs to
be generated. After projecting to the new camera frame, any
3D space possible to be reconstructed needs to be represented
as an inpainting mask in the 2D image. This issue can be
seen in Figure 3 as the table takes up pixels we may want to
fill in with the bottle. To solve this problem, a 3D frustum
is generated from the original camera and depth image. For
every pixel in the original camera frame, a ray is cast from
the camera through each point in the projected point cloud
from Z. Once the ray has passed through its respective point,
it is used to generate a list of points along the ray from
that depth onward with m points of equal spacing c. This
is done for every ray, and from this process results a point
cloud covering the potential space that the 3D scene could
possibly fill. This point cloud is then converted to a mesh,
and when the point cloud from the RGB-D image 7 is rotated
to novel views, the mesh is rotated with it. Finally, when
projecting back to the camera frame after rotation, points that
are occluded by the mesh are discarded. Any blank pixels
are then used as the 2D inpainting mask to be filled when
passed to the inpainting step. This procedure of generating
the final image and mask is detailed in our technical report
and its outputs are shown in Figure 2, with the green pixels
representing the inpainting mask.

3) Diffusion-based Inpainting: Once these preprocessing
steps have been completed, we pass the processed image and
a mask of areas to be filled in to the inpainting algorithm. We
use DALL-E 2 [1] for image inpainting since it demonstrates
the ability to produce the most realistic results. This model
takes in the incomplete image I,;, the mask generated in the

previous step M, and an input prompt P that describes the
context of the image in words. For prompt, we pass the
RGB image I to a deep captioning model [28] and prefix
the generated caption with “A photo of”. We also explore
using a more specific and generic prompt in our ablation
experiments (Table II). The output from this inpainting
method is an image I; that now contains estimated areas
from the diffusion model. Figure 2 shows an example before
and after inpainting with DALL-E 2.

B. Depth Completion

We use a method proposed in [29] for generating a com-
plete depth image D, from an incomplete depth image D;
and its corresponding RGB image. This method estimates the
normals and occlusion boundaries from the RGB image, and
optimizes for the complete depth by utilizing the estimated
normals, occlusion boundaries, and incomplete depth.

1) Normals and Occlusion Boundaries Prediction: In
order to obtain estimations for the normals and occlusion
boundaries, we train Deeplabv3+ with DRN-D-54 in the
same manner as in [30]. The ground truth normals and oc-
clusion boundaries are obtained using the depth images from
the YCB-V training dataset [2], the YCB-V synthetic dataset
[31], [32], and the HomebrewedDB synthetic dataset [33].

2) Optimize for Depth: Given the incomplete depth, the
estimated normals from the image, and estimated occlusion
boundaries, we solve for the completed depth. The main idea
behind this method in [29] is that the areas with missing
depth can be computed by tracing along the estimated
normals from areas of known depth with the occlusion
boundaries acting as barriers where normals should not be
traced across. Formally we solve a system of equations to
minimize an error E, where F is defined as £ = A\pEp +
AsEs + ANEnB. Here, Ep is the distance between the
ground truth and estimated depth, Fs influences nearby
pixels to have similar depths, F/y measures the consistency
of estimated depth and estimated normal values, and B
weights the normal values based on the probability that it is
a boundary. We use the same Ap, Ag, Ay values as in [30].

C. Scene Completion

This section describes the complete process we follow to
reconstruct a 3D scene from a single RGB-D image.

1) Viewpoint Selection: For diffusion-based inpainting,
“known” pixels, i.e., the non-masked areas, guide the predic-
tion of the unknown masked areas. We refer to the known
pixels as context pixels and define the context ratio C' for
any given image as C' = (#context pizels) / (#allpizels).
This ratio gives us some indication about how accurately the
inpainting model will be able to fill in the missing areas.
With a low C, many areas are unknown and inpainting will
struggle, and with a high C' inpainting will do well but only
fill in minimal information. An example of different context
ratio values can be seen in Figure 5.

We then design our viewpoint selection process to search
for a context ratio that will allow for accurate inpainting. To
do this, we define a sphere with a center as the mean of
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the input point cloud, and the radius as the distance between
the center and the initial camera location. Then from the
starting viewing angle, we rotate in various directions along
this sphere away from the starting position. At each step
in this rotation, we project the input point cloud onto the
new camera location. Using this newly projected image, we
compute the context C' of the image. If the C is closest
to our chosen context threshold C*, we use that viewpoint
T, as next to inpaint. We repeat this process for V' evenly
spaced directions we traverse along the sphere as visualized
in Figure 5, where both C* and V are chosen using the
experiment described in Section IV.

2) Enforcing Consistency Across Viewpoints: The final
step in our method involves combining these generated
viewpoints while enforcing consistency across them. One
drawback of utilizing DALL-E 2 for inpainting real objects,
is its inconsistent completion of objects as well as the
hallucination of objects that are not originally in the scene.
To combat this issue, we filter for consistent predictions
across viewpoints. The final prediction is achieved by first
deprojecting the RGB-D images from each viewpoint T);
back into the original camera frame as point clouds. We
then apply the following consistency rule across all the
generated points: If a predicted point from one viewpoint
has a predicted point within a 1cm radius from at least two
other viewpoints we keep that point, otherwise we remove
that point from our final prediction. This rule allows us
to keep points that only multiple viewpoints predict. We
then combine all filtered points to obtain our final output
point cloud of the completed scene S, which contains more
accurate geometry and color than without filtering as seen in
Table III and Figure 4.

Input Image T Inpainting il

Inpainting ig
= S

==

Fig. 4: The consistency filtering step is used to remove the
hallucinated objects in 3D, e.g., the oranges in the top right
of the images get filtered out. For simplicity we visualize
our consistency filtering step for only two viewpoints, while
we filter using all viewpoints in our main method.

IV. EXPERIMENTS

In this section, we evaluate the performance of RIC for
single view RGB-D scene reconstruction task. We also report
ablation studies for understanding the dependence of our

T, C=08 T, T, C=041

B

Fig. 5: RIC samples viewpoints on evenly spaced directions
along the viewing sphere (white dots). Several viewpoints
(top) as well as their corresponding rendered images are
shown together with the context ratio of each image (bottom).

method on (1) prompt specificity, (2) inpainting model, and
(3) consistency filtering.

Implementation Details: The inpainting step of our
algorithm is based on OpenAI’'s DALL-E 2 API. For our
implementation of SAM, we choose a spacing value c of
0.01 meters with m = 100 points for generating our rays.
For choosing the number of viewpoints/viewpoint directions
V' as well as the context ratio C* described in our method
section, we perform a parameter search using 4 held out
validation scenes from the YCB-V test set. We test using
6, 8, 10, and 12 viewpoints as well as a value of 0.3, 0.4,
0.5, 0.6, and 0.7 for our context threshold. We found that
10 views and 0.4 as a context threshold gave us the best
accuracy on the validation set. 12 views and 0.4 as a context
threshold performed similarly, but in the interest of runtime
we use 10 for the final method. The full parameter grid search
are provided in our technical report. For our module that
enforces consistency between synthesized views, we choose
a threshold of 0.01 meters when computing the intersection
between points in the viewpoints point clouds.

Datasets: We trained our depth completion model using
the YCB-V training dataset [2]. For testing, we test on 8
unseen scenes from the YCB-V test set, and select 5 RGB-
D images from each of the scenes, i.e., we test on a total of
40 RGB-D images in total. For ground truth point clouds, we
deproject the RGB-D frames of the scene and concatenate
them together. We also place the ground truth meshes in the
scene for the objects and convert those to point clouds before
concatenating them as well. Finally, we crop this point cloud
around the ground truth meshes with a 10cm buffer as the
RGB-D frames may contain floors and walls far away that
we are not interested in reconstructing. This creates our final
ground truth point cloud covering the majority of the scene
with full geometry of the objects in the scene.

To demonstrate our model’s capabilities of generalizing
to unseen objects and to entirely new datasets, we also
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Method | IoUT F-Score? CD(S*,S)| CD(S,8*) | CDJ]
YCB-V [2]

CON [35] 0.087 0.354 0.036 0.014 0.050

ShellNet [37] 0.224 0.607 0.019 0.012 0.031

CenterSnap [10] | 0.225 0.622 0.019 0.009 0.028

RIC (Ours) 0.294 0.661 0.018 0.010 0.028
HOPE [39]

CON [35] 0.086 0.279 0.094 0.035 0.128

ShellNet [37] 0.185 0.523 0.035 0.013 0.047

CenterSnap [10] | 0.180 0.526 0.037 0.006 0.042

RIC (Ours) 0.290 0.649 0.031 0.005 0.036

TABLE I: Comparison of methods for the task of 3D scene
completion on YCB-V [2] and HOPE [39]. Higher numbers
for the IoU and F-score metrics, and lower numbers for the
Chamfer Distances (CD) indicate better performance.

compare our method on the HOPE dataset [34]. HOPE test
set only contains individual RGB-D images and is unusable
for generating full scene point cloud. Instead, we use HOPE
training dataset for evaluation, as the train set contains RGB-
D video and cluttered tabletop scenes with novel objects.
The dataset has 10 scenes, and we again sample 5 frames
per scene. Ground truth point clouds are obtained similarly
to the YCB-V dataset.

Baselines: We compare RIC against four baselines: Con-
volutional Occupancy Networks (CON) [35] is a 3D scene
reconstruction method that inputs a sparse point cloud.
We use their pre-trained model for Synthetic Indoor Scene
dataset where similar to our YCB-V and HOPE datasets,
they place multiple ShapeNet [36] objects in indoor scenes.
CoReNet [9] is a multi-object shape estimator that inputs
an RGB image and estimates a mesh. We compare against
CoReNet’s pre-trained model qualitatively since its predic-
tions lack scale information. ShellNet [37] is trained for
single object reconstruction. Given a scene depth image
and object instance mask, ShellNet produces reconstruction
for the object instance. We re-implemented ShellNet’s ar-
chitecture and trained it with Mask R-CNN [38] as the
segmentation network on YCB-V dataset. Finally, we com-
pare against CenterSnap [10], a multi-object point cloud
prediction method. CenterSnap inputs an RGB-D image and
predicts point clouds for each object in the scene. Similar
to CenterSnap’s original training, we first train it on YCB-V
synthetic dataset [31], [32], then fine-tune it on the YCB-
V real training dataset [2]. Since CenterSnap and ShellNet
only predict the point clouds for objects and not the rest of
the scene, for a fair evaluation, we concatenate their outputs
with deprojected point cloud from the input RGB-D image.

Table I shows quantitative evaluations on within-
training-distribution YCB-V dataset [2] and out-of-training-
distribution HOPE dataset [34]. On YCB-V dataset, RIC is
able to outperform CON and ShellNet on all 3D scene recon-
struction metrics. CON takes as input a sparse point-cloud
of the scene. When major parts of the input point clouds are
missing, as the common case for single-view RGB-D point
clouds, CON fails to infer those regions. ShellNet is trained
to predict back-side depth image for the detected object.
We notice that with varying viewing directions, ShellNet
backside depths are either too thin or too thick resulting

Novel View 1

Novel View 2

Input as
point cloud

Reconstruction
w/ texture

Novel View 2

Input as
point cloud

Reconstruction
w/ texture

Fig. 6: Qualitative Results: We show our scene completion
results given a single RGB-D image, as color point clouds
from two viewpoints. Top two rows are from the HOPE
dataset [39], and the bottom two are from YCB-V [2].

in low performance. MaskRCNN’s failure to detect objects
also directly contributed to lower performance for ShellNet.
CenterSnap inputs RGB-D image and predicts object shapes
via a multi-step procedure allowing CenterSnap to learn
strong shape and pose priors for objects within training
distribution. This allowed CenterSnap to perform strongly
on YCB-V objects as it was trained on them, but we noticed
it struggles with cases of occluded objects. RIC which is
trained without ground truth object pose or shape supervision
is able to match or outperform the baselines in all metrics.
Fig. 7 shows a qualitative comparison with baselines.

On the out-of-distribution HOPE dataset, RIC is able to
outperform all baselines by an even larger margin. This
shows that our normal and occlusion boundary-based depth
completion method generalizes well to unseen novel scenes.
Figure 6 shows qualitative results on these datasets.

As a byproduct, our method also produces novel views
of unseen multi-object scenes from a single RGB-D image.
Figure 8 shows our method compared to the ground truth.
We show that by combining our masking method with
DALL-E 2’s inpainting capability, realistic novels views can
be generated for multiple unseen objects.

A. Ablation Studies

Prompt Reliance: Image diffusion models tend to heavily
rely on the input prompt. To test our methods robustness,
we performed an experiment using a general prompt (G), “a
photo of household objects on a table”, for every scene to
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Fig. 7: Qualitative Comparison: We compare our method
against baselines for completing scene geometry given a
single RGB-D image. Views 1 and 2 show novel viewpoints
of the predicted point clouds from each method. Our method
provides a denser and more complete reconstruction.

Method IoU 1T F-Score t CD |
RIC (S) 0.262 0.613 0.038
RIC (G) 0.261 0.613 0.038
RIC (Ours) | 0.290 0.649 0.036

TABLE II: Prompt specificity results on HOPE dataset [34]:
RIC (S) denotes our model with scene specific prompt, RIC
(G) uses “household objects on a table” as the prompt for all
scenes, and RIC (Ours) uses an image caption generator [28].

see how much performance degrades. We also use a specific
prompt (S) where using the ground truth list of objects we
list out every object on the table as the prompt. Table II
shows that our method does not largely depend on the type
of prompt. We hypothesize that our view selection method
retains enough surrounding context information required for
the inpainting model to inpaint successfully.

Inpainting Model: We substitute in Stable Diffusion
2’s [40] inpainting model as an open-source alternative
to DALL-E 2 in Table III. We find that while accuracy
decreases, it is still a viable inpainting substitute for our
method.

Masked View Inpainted View GT View

Original View

G

\

H Yy

Fig. 8: Qualitative Novel View Results: As a byproduct of
our method we also show qualitative results for generating
novel views of scenes from the the YCB-V dataset.

Method ToUtT F-Scoret CD(S*,S)] CD(S,S*)]l CDJ]
RIC (SD-2) 0.265 0.620 0.033 0.005 0.037
RIC (No Filter) | 0.271 0.574 0.017 0.030 0.047
RIC (Ours) 0.290 0.649 0.031 0.005 0.036

TABLE III: Result of swapping out various parts of our
method shown on the HOPE [39] dataset. (Ours) utilizes
OpenAI's DALL-E 2 model and our consistency filtering
method, (SD-2) uses Stable Diffusion 2’s inpainting model,
and (No Filter) refers to our method without filtering.

Consistency Filtering: We test our method without ap-
plying the consistency filtering step by just combining all
predicted viewpoints in Table III. This caused a substantial
decrease in accuracy as any hallucinated object is kept in.

V. DISCUSSION

We presented RIC, a novel method for 3D scene re-
construction. RIC solves the problem of 3D reconstruction
of a cluttered scene of novel objects by leveraging the
generalization capabilities of large visual language models.
More specifically, our method utilizes the 2D inpainting
capabilities of DALL-E 2 and generates a coherent set of
inpainted views of the scene. It then lifts that information into
3D through a novel geometric multi-step method to finally
output the point cloud of the reconstructed scene.

While we demonstrate the effectiveness of our method for
generalizable scene completion, we also note that DALL-E
2 can generate unrealistic objects and parts of objects in
the inpainted images. We mitigate this issue through various
ways described in our method section, but these irregularities
can adversely affect the reconstruction quality in a few cases.
While RIC shows the ability to complete the front and sides
of objects in the scene, the backside of objects is often left
incomplete as enough context to accurately reconstruct the
scene is not available. At large angles away from the original
viewpoint, the inpainting quality degrades due to the large
areas of missing information - an exciting yet challenging
problem for future work.
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