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Abstract— When exploring new areas, robotic systems gen-
erally exclusively plan and execute controls over geometry that
has been directly measured. When entering space that was
previously obstructed from view such as turning corners in
hallways or entering new rooms, robots often pause to plan
over the newly observed space. To address this we present
SceneSense, a real-time 3D diffusion model for synthesizing
3D occupancy information from partial observations that ef-
fectively predicts these occluded or out of view geometries for
use in future planning and control frameworks. SceneSense
uses a running occupancy map and a single RGB-D camera to
generate predicted geometry around the platform at runtime,
even when the geometry is occluded or out of view. Our
architecture ensures that SceneSense never overwrites observed
free or occupied space. By preserving the integrity of the
observed map, SceneSense mitigates the risk of corrupting the
observed space with generative predictions. While SceneSense
is shown to operate well using a single RGB-D camera, the
framework is flexible enough to extend to additional modalities.
SceneSense operates as part of any system that generates a
running occupancy map ‘out of the box’, removing conditioning
from the framework. Alternatively, for maximum performance
in new modalities, the perception backbone can be replaced and
the model retrained for inference in new applications. Unlike
existing models that necessitate multiple views and offline scene
synthesis, or are focused on filling gaps in observed data, our
findings demonstrate that SceneSense is an effective approach to
estimating unobserved local occupancy information at runtime.
Local occupancy predictions from SceneSense are shown to
better represent the ground truth occupancy distribution during
the test exploration trajectories than the running occupancy
map. Finally, we analyze example predictions and show that
SceneSense provides reasonable, accurate, and useful predic-
tions.

I. INTRODUCTION

Humans rely extensively on ‘common sense’ inferences
to engage successfully with the world, while robots are
limited to making decisions over directly measured data,
such as those captured by cameras or lidar. Humans’ natural
capability to logically extend geometry or terrain in familiar
environments such as homes or offices allows for planning
beyond direct observation. In this work, we propose a
solution addressing this important technical gap, to expand
the scope of situations where autonomy can succeed.

Recent advances in AI systems that generate open-ended
representations, known as generative AI, give us the build-
ing blocks to develop a generative model for predicting
out of view or occluded geometry. Previous attempts at
generating “extended terrain” borrowing from point cloud

*This work was supported by NSF Award #1932189.
All authors are with the Intelligent Robotics Laboratory, Depart-

ment of Computer Science, at the University of Colorado Boulder,
firstname.lastname@colorado.edu

Input Data SceneSense Prediction Ground Truth Occupancy

Input Data SceneSense Prediction Ground Truth Occupancy

Fig. 1: Test house 2 where the robot exploration trajectory is shown
via the black points, and the starting point is shown as green. Two
SceneSense generations are shown. From left to right (1) Inputs are
on the left where green voxels are the local occupancy information
as well as the current camera view from the robot. (2) SceneSense
occupancy prediction is shown where occupancy information is
shown in green and new predicted occupancy is red. (3) The running
occupancy information is again shown in green and the ground truth
full local occupancy data is shown in yellow.

completion (PCC) methods [1] struggle to generalize to new
environments. Existing methods for generating out-of-view
geometry such as semantic scene completion (SSC) [2],
[3], [4] and more recently scene synthesis based approaches
[5], [6] are promising. However, SSC is limited as it is a
completion or hole-filling method applied only to the frustum
of the sensor, rather than a truly generative approach that
allows for full, 360◦ occupancy prediction. For their part,
synthesis-based approaches require many views for scene
synthesis and are not usable as an online method due to
slow inference speed.



Motivation for development of these generative models
can be found in the results of the DARPA subterranean
(SubT) challenge [7]. The SubT challenge tasked robot
teams with the goal of locating human artifacts after being
released into various unknown environments. These search
and rescue missions provide a challenging and impactful
venue for the deployment of autonomous systems. While
teams were fairly successful in locating artifacts, the search
took place with a long tail of artifact discovery over an hour.
Systems over-searched areas to ensure maximum volumetric
frontier gain and frequently paused when there was an
influx of new information (such as turning corners into
hallways or entering new rooms) [8]. It is our hypothesis
that platform exploration speeds can be accelerated using
generative models for occupancy prediction.

In this work we leverage recent advances in generative
AI as well as practically available robotics data to generate
a predicted occupancy grid around a robotic platform. We
show that even with a single RGB-D camera and limited
training data we can develop an occupancy prediction model
that effectively infers the existence of geometry that is out-of-
view or occluded. During training, Gaussian noise controlled
by a noise scheduler [9] is added to ground truth occupancy
data to generate noisy occupancy grids. We simultaneously
train a U-net and perception backbone to reduce noise in
the occupancy grid, conditioned by an RGB-D image. At
inference time, features are extracted from the input images
using the trained PointNet++ model [10] and used as con-
ditioning during the reverse diffusion process. Additionally,
we take advantage of the occupancy map constructed during
exploration to perform occupancy inpainting, increasing the
fidelity of our results. Critically, using an inpainting approach
ensures that the predicted occupancy grid around the robotic
platform will never be modified in areas of the scene that
have been directly observed to be occupied or free. Finally,
we evaluate our framework in home environments from the
HM3D dataset [11] against a running occupancy map. Our
results show that our proposed approach (SceneSense) en-
hances the local occupancy predictions around the platform.
The primary contributions of this work are as follows:

1) A generative framework for estimating out of view or
occluded occupancy around the robotic platform.

2) A diffusion inference method we call occupancy in-
painting that both enhances the predictions of the gen-
erative framework and ensures predictions will never
overwrite observed free or occupied space.

3) An extensive ablation study outlining the performance
trade offs of various tunable parameters that are con-
figurable at runtime.

II. RELATED WORKS

A. Semantic Scene Completion (SSC)

SSC seeks to generate a dense semantically labeled scene
in a target area given some sparse scene representation
in that area. Generally the provided information is quite
sparse and requires the SSC models to fill in large gaps

due to occlusions from the viewpoint. SSC methods are
often designed specifically for outdoors [2] or indoor ap-
plications [12]. While outdoor SSC implementations focus
on SSC using a 3D lidar, indoor methods use aimed sensors
such as a RGB-D camera. Due to the shape of this input
data outdoor models focus on prediction and labeling all
voxels in a grid around the platform, while indoor models
generally focus on performing SSC in the frustum of the
sensor. Predicting correct geometry and semantic labels is
a challenging task. SSC methods have been noted to suffer
from poor performance given the challenging nature of the
problem [13]. Indoor methods perform around 40% mIoU
[13] when “filling in” data in the frustum of the sensor, but
are not intended to be generative models that can expand
a partially observed scene. Our method expands the role of
these models to not only fill in occluded information in the
sensor’s field of view but to also generate a prediction of
what geometry may look like around the platform.

B. Generative 3D Scene Synthesis

View synthesis is a field of study that seeks to construct
a 3D scene from multiple camera views. This is primarily
accomplished using a deep learning framework called Neural
Radiance Fields (NeRFs) [5]. Original works in this space
synthesized 3D views of objects from multiple camera views
[14] , while recent works have synthesized full indoor scenes
[15]. Current NeRF implementations are slow at inference
time, often taking on the order of minutes to render a scene
[5]. This characteristic makes them unsuited to real-time
scene rendering. In addition, NeRFs require multiple views
of the environment to generate reliable volumetric scenes,
which may not be available when operating in real-time.

Recently, diffusion models have been explored as a means
for synthesising scenes [6]. Initial studies show these mod-
els outperform traditional models in scene synthesis and
introduce popular generative metrics to the scene synthesis
research space. While these implementations are not directly
usable in a robotics context, the ideas and evaluation metrics
for 3D scene synthesis are applicable to our problem space.

C. 3D Diffusion and Diffusion in Robotics

Diffusion models [9], [16] have had great success as
deep generative models. Diffusion models have generated
impressive results across diverse modalities, such as image
[17] video [18], audio [19] and natural language [20]. A
number of surveys have been published in recent years
providing further details on various implementations [4],
[21]. Research on diffusion in 3D is limited and generally
applied to single object generation [22]. However recent
works have begun to explore application of diffusion models
for scene generation. Notable work in this space include
LegoNet [23] which applies diffusion models to rearrange
objects in a 3D scene and DiffuScene [6] which supports
unconditional or prompted diffusion of 3D scenes. While
these diffusion methods are effective at their task they do
not directly translate to robotic applications due to inference
time requirements and the required conditioning data.



Fig. 2: Reverse Diffusion Process: The reverse diffusion process takes the local occupancy information, the current sensor measurements
(RGB-D image in this case) and the Gaussian noise of the area to be diffused over. Noise commensurate with the current diffusion step
is added to the local occupancy information, which includes occupied (green) and observed unoccupied (red) data. The result is inpainted
into the noisy local occupancy prediction as discussed in section IV. The inpainted noise data and the feature vectors generated by the
perception backbone are provided to the denoising network which generates a new noisy geometry prediction att � 1. This processes is
repeated as the starting noisexT is iteratively denoised tox0 which is the �nal geometry prediction from the framework.

Diffusion for Robotic Applications. The success of
diffusion models have inspired researchers to begin to apply
them in the robotic domain. While the Markovian nature of
diffusion models can be a bottleneck for systems requiring
real-time inference diffusion models have been successfully
applied to real-time robotics problems such as planning
problems [24], [25] and perception [26], [27]. These gener-
ative models are both increasing the effectiveness of current
methods in traditional robotics problems as well as providing
new research areas to tackle.

III. PRELIMINARIES AND PROBLEM DEFINITION

A. Problem De�nition: Dense Occupancy Prediction

The objective of dense occupancy prediction is to predict
the occupancy from[0; 1] where 0 is unoccupied and 1 is
occupied for every voxelv in a target regionx wherev 2
Rz� x� y.

B. Forward Diffusion

x0 is de�ned as a clean occupancy grid where the distri-
bution of x0 can be de�ned asq(x0). By sampling from the
data distributionx0 � q(x0) the forward diffusion process
is de�ned as a Markov chain of variablesx1; :::; xT that
iteratively adds Gaussian noise to the sample. A diffusion
step at timet in this chain is de�ned as:

q(x t jx t � 1) = N (x t ;
p

1 � � t x t � 1; � t I ); (1)

where t is the time stept 2 [1; T], � t is the variance
schedule0 � � t � 1 and I is the identity matrix. The joint
distribution of the full diffusion process is then the product

of the diffusion step de�ned in eq. (1):

q(x1:T jx0) =
TY

t =1

q(x t jx t � 1): (2)

Conveniently we can apply the reparameterization trick to
directly samplex t given x0 using the conditional distribu-
tion:

q(x t jx0) = N (x t ;
p

� t x0; (1 � � t )I ); (3)

wherex t =
p

� t x0 +
p

1 � � t � where� t := 1 � � t , � t :=Q t
r =1 � s, and� is the noise used to corruptx t .

C. Reverse Diffusion

Reverse diffusion is a Markov chain of learned Gaussian
transitionsp� (x t � 1jx t ) which is parameterized by a learnable
network � :

p� (x t � 1jx t ) := N (x t � 1; � � (x t ; t); � � (x t ; t)) ; (4)

where � � (x t ; t) and � � (x t ; t) are the predicted mean and
covariance respectively of the Gaussianx t � 1. Given the
initial state of a noisy occupancy map from a standard
multivariate Gaussian distributionx t � N (0; I ) the reverse
diffusion process iteratively predictsx t � 1 at each time stept
until reaching the �nal statex0 which is the goal occupancy
map. Similar to the Markov chain de�ned forward diffusion
process the joint distribution on of the reverse diffusion
process is simply the product of the applied learned Gaussian
transitionsp� (x t � 1jx t ):

p� (x0:T ) := p� (X T )
TY

t =1

p� (x t � 1jx t ): (5)



Fig. 3: Various SceneSense predictions from equivalent input data
where green is the running occupancy map and red is the Scene-
Sense predicted occupancy. Given the limited input information the
diffusion framework can generate multiple reasonable predictions
from the same input conditioning.

D. Conditional Diffusion

The conditional diffusion model extends the diffusion
process to guide the diffusion by some conditioningy. In
particular we use a class of conditional diffusion models
called classi�er-free diffusion [28]. During training the diffu-
sion modelf � (x t ; y; t) is trained to predictx0 from x t under
the guidance of conditiony. During training conditioningy
is replaced with a null label; with a �xed probability. At
inference timex0 is reconstructed fromxT with guidance
from the conditioningy. During sampling at inference time
the output of the model is “pushed” toward the conditional
model result f � (x t jy) and away from the unconditioned
result f � (x t j; ) as follows:

f̂ � (x t jy) = f � (x t j; ) + s � (f � (x t jy) � f � (x t j; )) ; (6)

where s is the guidance scale de�ned ass 2 R� 0. s is a
con�gurable parameter at runtime that allows for the user
to con�gure how closely the model should adhere to the
provided conditioning.

IV. M ETHOD

A. Architecture

Denoising Network. The denoising network in our method
is inspired by the popular image generation diffusion network
Stable Diffusion [17]. It is a U-net constructed from the
HuggingFace Diffusers library of blocks [29] and consists
of Resnet [30] downsampling/upsampling blocks with cross-
attention as well as regular ResNet downsampling/upsam-
pling blocks. The conditioning features generated by Point-
net++ are mapped to the intermediate layers of the U-net
via the cross attention layers of the transformer blocks as
discussed by Stable Diffusion [17].

Feature Extraction and Conditioning. As discussed in
section III classi�er-free diffusion models are conditioned on

a set of guidance datay. Our model uses the Pointnet++ [10]
backbone to generate aN � F feature matrix from a given
RGB-D image, whereF is the number of desired Pointnet++
features per pointn 2 N . As is common with other vision
based pipelines [31] the feature generation backbone can
be replaced with other models to increase performance or
add/remove different types of perception modalities. Further,
the conditioning of the diffusion model can be any modality
encoding into feature vectors. Conditioning could include
standard robotic sensors such as camera, lidar or radar, but
could also be extended to include informational modalities
such as human text input or sketches of the scene [17].

Occupancy Mapping. Occupancy mapping allows for
platforms to build a running map of areas that have been
measured to contain matter using onboard sensors like lidar
or RGB-D cameras. For our framework we use the popular
occupancy mapping framework Octomap [32] to generate an
occupancy map as the platform explores the environment.
Importantly, Octomap provides a probability of occupancy
o 2 [0; 1] for every voxel in the map that has been observed
using pose ray casting. This means that as we explore we will
be maintaining not only a map of occupied areasM o, but also
a map of areas that have been measured to not contain any
dataM u . These maps will later be used to inform SceneSense
where occupancy predictions should be made.

B. Training

During training, we generate a noisy local occupancy map
x t where t 2 [1; T] from a ground truth local occupancy
mapx. We train the diffusion modelf � to predict the noise
applied tox t given the associated RGB-D conditioningy.

Occupancy Corruption. To corrupt each ground truth local
occupancy mapx to train the network we add Gaussian noise
to x to generatex t . This corruption process is de�ned in
eq. (3) where the intensity of the noise is controlled by� t

which is con�gured by a linear noise scheduler [9].

Loss Function. The networkf � is trained using the cal-
culatedl2 loss between the denoisedx t prediction and the
associated ground truth datax. l2 loss is a popular diffusion
loss function, however other loss functions such as cross-
entropy loss or mean squared error can be applied and have
had some success in similar diffusion frameworks [33], [17],
[27], [26].

C. Inference

Sampling Process The trained noise prediction network
f � takes isotropic Gaussian noiseN (0; I ) as the starting
point xT to begin the reverse diffusion process. The noise
is iteratively removed by usingf � and the associated RGB-
D featuresy to computex t � 1 The RGB-D featuresy are
applied as conditioning during the process with the cross-
attention mechanism [34].

Occupancy Inpainting. Our method of occupancy in-
painting ensures observed space is never overwritten with
SceneSense predictions. Additionally occupancy inpainting



enhances the predictions from the models seen in �g. 6
(c). Inspired by image inpainting methods seen in image
diffusion [17] and guided image synthesis methods [35],
occupancy inpainting continuously applies the known occu-
pancy information to the diffusion target during inference. To
perform occupancy inpainting we sub-select a section of our
occupancy map that we will perform diffusion over. In that
area we take the occupied mapM o and unoccupied mapM u

to generate occupied and unoccupied masks,Mao andMau

respectively. These masks will be applied to the target the
diffusion to only allow occupied and unoccupied voxels to
be modi�ed during each masking step. Finally we add noise
commensurate with the current diffusion step and update
the diffusion target with the noisy occupied and unoccupied
voxel predictions. This process is repeated for each inference
step and can be seen in �g. 2. This method both increases
the �delity of the scene predictions and ensures the diffusion
model does not predict or modify geometry in space that has
already been observed.

Multiple Prediction . Diffusion is a noisy process that can
generate different results given the same context. In image
generation this is a desirable characteristic as the framework
can generate different results given the same prompt, increas-
ing the diversity of the generated data. As shown in �g. 3
SceneSense has the same behavior as these networks and
can generate different reasonable predictions based on the
same input information. Further there is no compute time
increase (assuming enough compute is available) as multiple
predictions can be done in parallel. For simplicity we simply
generate one prediction at each pose, but additional heuristics
or voting schemes could be added to the system to score
multiple outputs and select preferable predictions.

V. EXPERIMENTS

We use the Habitat lab simulation platform [36] and the
Habitat-Matterport 3D research dataset (HM3D) Dataset [11]
to generate training and test data. We operate a simulated
platform with a 256� 256 RGB-D camera through 12 differ-
ent house environment to generate full occupancy grids with
voxel resolution of0:1m of the homes as well as� 9000
poses and associated RGB-D camera views to be used as
conditioning. We split the dataset into a training and test set
by house number. Houses 3–12 are used in the training set
and houses 1 and 2 as shown in �g. 4 and �g. 1 respectively
are used as the test set. For testing arbitrary trajectories are
taken to navigate through each home, and SceneSense is used
to predict the local occupancy information at each timestep.

Implementation. The diffusion model is trained using
randomly shuf�ed pairs of conditioningy and ground truth
occupancy gridsx, where various houses may be mixed in
a batch. We use Chameleon cloud computing resources [37]
to train our model on one A100 with a batch size of 16
for 250 epochs or 119,250 training steps. We use a cosine
learning rate scheduler with a 500 step warmup from10� 6

to 10� 4. We set dropout to0:2 where the conditioningy

Fig. 4: Test house 1 where the robot explore trajectory is shown
via the black points, and the starting point is shown as green. Two
SceneSense generations are shown. From left to right (1) Inputs are
on the left where green voxels are the local occupancy information
as well as the current camera view from the bot. (2) SceneSense
occupancy prediction is shown where occupancy information is
shown in green and new predicted occupancy is red. (3) The running
occupancy information is again shown in green and the ground truth
full local occupancy data is shown in yellow.

is set to; . The noise scheduler for diffusion is set to 1000
noise steps. At inference time we evaluate our dataset using
an RTX 4090 GPU for acceleration. On average we measure
a diffusion step for our model to be 0.0633 seconds.

Baselines. To our knowledge this is the �rst architecture
to apply a generative method to predict 3D occupancy
around a platform from a single aimed sensor. This makes
direct comparisons for performance dif�cult to evaluate. As
such, the best evaluation of our method is an evaluation
against the running octomap (BL). Improvement upon this
baseline shows that occupancy predictions from SceneSense
better represents the ground truth occupancy information at
a given pose than the running occupancy grid. The code
and inference dataset will be released upon publication
https://arpg.github.io/scenesense/.

Evaluation. Following similar generative scene synthesis
approaches [6], [38] we employ the Fréchet inception dis-
tance (FID) ] [39] and the Kernel inception distance [40]
(KID � 1000) to evaluate the generated local occupancy grids
using the clean-�d library [41]. Generating good metrics
to evaluate generative frameworks is a dif�cult task [42].
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