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Autonomous systems have long held the promise of replacing or assisting humans in a wide
range of applications. Today autonomous systems operate effectively in challenging domains such
as self-diving cars and trucks, search and rescue, and sidewalk navigation and delivery. However
the classic perceive, plan, execute control loop limits the utility and intelligence of systems by
requiring robots to make complete observations of the area they are planning over. As opposed
to humans, who can make common-sense inference of geometry without direct observation, robots
employ a suite of sensors or pre-loaded maps to generate complete observations of their operational
environments. Without access to full map information operation can be slow and unintuitive. In
this paper we aim to supplement existing robot sensing capabilities by leveraging recent advances
diffusion models and generative Al to produce realistic predictions of unobserved space in running
occupancy maps.

In this paper we present a transformer-based model for generative occupancy prediction and
some of the restrictions of similar models for occupancy mapping. Then we adopt diffusion models
for a means of realistic occupancy prediction and show that our model SceneSense generates better
representations of local occupancy than just the running occupancy map built from sensor mea-
surements. After making key modifications to the original model, we deploy SceneSense onboard a
real-world robotic platform and show that SceneSense can be a “drop-in” improvement for existing
planning and exploration stacks. We show that the SceneSense enhanced map increased both the
rate of exploration and the consistency of exploration when compared to the same planning and

explore stack informed by just sensor measurements.
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Chapter 1

Introduction

In general, autonomous systems are designed to operate over space that has been directly
observed. In this paradigm, robots are dependent on sensors to act in previously unobserved
space. This approach encourage system to maximize sensor FOV, often with a suite of multi-
modal sensors such as lidar, camera, stereo, and radar. These large-scale sensor rigs introduce
additional maintenance and cost over the life of the system, and processing of the received data
can be computationally expensive. Further when sensors fail to perceive the environment due to
obstructions or visual degradation, systems can behave unintuitively, or in some cases fail and
require user intervention.

One way to alleviate some of these problems in semi-static environments by operating over
previously build maps of the target area while localizing the system in the existing map. This
approach has been adopted in fields such as self-driving cars [6, 24], mining [80] a Extraterrestrial
exploration and mission planning [76] and has shown to enhance systems abilities to act effectively.
While this approach does indeed reduce the system’s reliance on sensed information, spacial pre-
mapping introduces other issues into the navigation problem. spacial mapping is expensive, both
in requiring multiple expert operated runs over the same target space as well as in data storage
requirements, as maps are often data rich and can overrun allowed onboard storage [I14]. For these
reasons, collected and storage of maps for autonomous operations does not scale well to general
adoption of autonomous systems [6].

While in some cases the argument against using existing maps as a basis for decision mak-



ing is based in cost and maintenance there are a number of operations where generating maps
prior to operation is impossible. One such task where pre-existing maps cannot be collected is
search and rescue operations. These operations require true autonomous perception and naviga-
tion in challenging environments. This challenge was the inspiration for the DARPA subterranean
(SUBT) challenge [38] which hosted teams of academics and industry professionals from around
the world to explore challenging unmapped environments and search for “artifacts” to score points.
Teams achieved various levels of success in there autonomous operations, but traversal was chal-
lenging, with the winning team detecting around 50% of the target artifacts. The results achieved
from this challenge reinforce the challenge of intelligent robot operation in previously unmapped
environments.

Unlike modern robotic systems that rely on direct measurement of geometry to build plans
and make decisions, humans rely extensively on ‘common sense’ inferences to engage successfully
with the world. Humans’ natural capability to logically extend geometry or terrain in familiar
environments such as homes or offices allows for planning beyond direct observation. Enabling
this common sense geometry extension onboard will only enhance existing planning and decision
making methods, as well as open new research avenues for planning and control over predicted
space. It is based on these observations and assertions that this work seeks to validate this thesis
statement:

By generating unseen geometry from partial observation we can enhance autonomous

system’s ability to navigate in unknown environments, while maintaining high reli-
ability.

1.1 Contributions

The primary contributions of this work are the design and validation of the generative occu-
pancy mapping model SceneSense. Our initial attempt at a terrain extension model is outline in
Chapter[2l After adopting diffusion models for occupancy prediction we present the full SceneSense

design and validation metrics in Chapter SceneSense is diffusion model that generate realistic



occupancy prediction given partial observation, and was tested in a simulated environment gener-
ating local occupancy predictions within 2m of the robotic platform. In Chapter [4] we present key
modifications to enhance the usefulness of the SceneSense model, as well as methods for merging
the predicted occupancy maps with observed occupancy maps. Additionally in this chapter we
present our implementation of SceneSense on a real robotic platform, and evaluations of the results
in the real world in various test scenes. Finally in Chapter 5| we evaluate the performance of existing
planners with SceneSense predictions augmenting the map in real time. We present key scenarios
that are solved with a successful SceneSense implementation as well as metrics for the effectiveness

of overall exploration and navigation over predicted occupancy maps.
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Chapter 2

Looking Around Corners: Generative Methods in Terrain Extension

2.1 Introduction

Autonomous exploration of previously unmapped space is a challenging task in field robotics due
to the nature of unknown environments. Effective exploration algorithms are essential to successful
autonomous search and rescue (SAR) deployments. In SAR scenarios, systems must be both reliable
and fast to save as many lives as possible. As shown in the DARPA subterranean (SubT) challenge,
robotic systems can be developed to reliably explore unknown spaces [14]. However these current
implementations can be seen as slow, jittery, or unintuitive to a human supervisor.

While humans have the ability to use previous experience to infer terrain that may be occluded
from view, robots generally rely directly on data received from onboard sensors such as lidar or
cameras to develop exploration plans. This reliance on direct measurement can become a problem
when approaching common terrain features such as turning hallways or T-intersections. In these
cases, a frontier finding robotic system will only plan as far as it can see. For example, in the case of
a T-intersection, the system generally will advancing to intersection before pausing to process and
plan over the new information gained from its sensors. To alleviate this flood of new information
that results in system pauses, we propose a method for predicting the terrain that may be occluded
from view. By providing accurate estimates of the terrain geometry the speed at which autonomous

systems explore unseen environments can be increased while maintaining high reliability.
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Figure 2.1: High level view of the terrain extension framework. The full lidar inputs are down
sampled using the FPS down sampling method [100]. The point cloud is then further downsampled
using a DGCNN [I80] in conjunction with the FPS downsampling method. The remaining points
called point proxies [202] retain geometric information from the DGCNN [I80] and are passed
to a geometry-aware transformer encoder. The one-dimensional encoder outputs are then passed
through an MLP to raise the dimensionality to 3 which provides the predicted missing output
points. Finally, the missing points are concatenated with the input to generate the final terrain

enhanced image

2.2 Related Works

While an dedicated terrain extension framework has not been created to our knowledge, similar

works in the fields of point cloud completion (PCC) and semantic scene completion (SSC) seek to



generate complete point clouds or maps given partial input data.

At first glance, SSC seems to be more applicable to our tasks, since it is generating full maps from
input lidar scans. When looking at models such as S3CNet [34] which is a SSC implementation that
scores well on the outdoor SemanticKitti dataset [10], it is found that the point cloud generation is
very similar to PCC methods. In both methods, the features are first from the input point cloud.
Then, the input is passed through an encoder/decoder architecture to generate output voxels/points
where the model predicts the missing data to be. While most PCC methods end here, SSC methods
generally attemt to fill in gaps in the 3D prediction as well as refine the semantic label predictions,
however this step is not yet applicable to our problem. SSC is a relatively new field with few models
to look for inspiration. However PCC is a well established field affording many models to build
upon.

As discussed above, there are a wide variety of PCC implementations but all seek to complete a
point cloud of an objects given some partial point cloud input [56]. The most interesting approach
for our purposes is the transformer [172] based approach PoinTr by [202]. This method drastically

improves the performance compared to other PCC models by making 2 primary adjustments:

(1) Unlike PCN [204] and many other implementations where a single feature vector is extracted
for the full point cloud. PoinTr generates point proxies using a DGCNN [180] to generate
feature vectors per point for a down-sampled point cloud. This alleviates both the compute
requirements associated with transformer encoders and provides point features for better

decoder interpretation.

(2) PoinTr [202] uses a geometry-aware transformer encoder decoder architecture rather than
an MLP. As seen recently in many applications [63] 133, 52], the change to a transformer
architecture results in a substantial performance boost due to the multi-head attention
mechanisms. Providing geometry context to the transformer further increases the perfor-

mance of the model.

Given the recent success of transformers in other fields it is desirable to explore transformers as



the backbone of our terrain extension framework. Additionally, transformers have been shown to

be powerful tools for generative AI [125, 49]. By designing this terrain extension framework using

transformers it allows for the flexibility of a future, fully generative terrain extension implementa-

tion.
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Figure 2.2: High level view of the terrain extension framework. The full lidar inputs are down

sampled using the FPS down sampling method [100]. The point cloud is then further downsampled

using a DGCNN [I80] in conjunction with the FPS downsampling method. The remaining points

called point proxies [202] retain geometric information from the DGCNN [I80] and are passed

to a geometry-aware transformer encoder. The one-dimensional encoder outputs are then passed

through an MLP to raise the dimensionality to 3 which provides the predicted missing output

points. Finally, the missing points are concatenated with the input to generate the final terrain

enhanced image.

2.3 Method

Our framework is based on the PoinTr architecture developed by [202]. As shown in Figure [2.2] our

terrain extension framework treats the problem of generating terrain as a point cloud completion



(PCC) problem. It is well known that the computational complexity of a transformer encoder
grows quadratically with the size of the inputs. Therefore, we must take steps to reduce the input
size before utilizing our transformer-based framework. Upon reception of a point cloud scan, the
scan is first downsampled using furthest point sampling [I00]. Then the input point cloud is passed
through a DGCNN [I80] to further downsample the input, while maintaining a feature vector in
the neighborhood of the final downsampled center points. As defined in [202] we will refer to these
DGCNN output points and associated feature vectors as point proxies. After the point proxies
are generated they are passed to the geometry-aware transformer encoder which generates a M x 1
array of outputs that will become the predicted output point cloud. The encoder outputs are passed
through a linear projection layer similar to [204] to generate M x 3 dimensional features that are
reshaped to be the final output coordinates. Since these outputs are intended to fill in missing
points in the lidar image, they are then concatenated with the input point cloud to produce a final

terrain extended point cloud.

2.3.1 Training Data

The training data is developed to achieve the target output of “outpainting” in the space that is
occluded or out of range of the input lidar scan. As shown in Figure [2.3] the SemanticKitti dataset
[10] contains both labeled input point clouds and labeled voxel groundtruth data. To find the
target terrain for prediction, the traversable terrain (road) of both the input point cloud and the
ground truth voxel grid is isolated from the rest of the scene. Then the centroids of each ground
truth voxel are used to generate the complete road ground truth point cloud. To utilize the limited
output size of the transformer network, it is desirable to generate only output points where they do
not already exist in the input. Given the input road points X and the full ground truth road points
G we simply find Y - G\X. To generate Y, some distance d, is defined to create a boundary
around the input point cloud where the target output cannot exist. An algorithm such as KNN
[128] can be used to generate ground truth data to ensure that this buffer region is not violated.

The result of this target output generation is shown in Figure [2.3
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In addition to generating the target point cloud output, we also need to generate target output
masks to check if outputs are contained within the clusters of target output data. While there are
many machine learning methods for unsupervised data clustering such as mean shift [20] or DBScan
[53], we find these methods to be fairly inconsistent in identifying and clustering ground truth
points. The most successful method we find to generate target masks is the vision-based method of
Segment Anything (SA) by [92]. Given that Segment Anything is a vision-based approach, it does
not suffer from the same issues as those seen in traditional clustering methods as the shape of the
data changes. Additionally, since the SA masks are calculated in pixel space, it is straightforward

to check if a point in real space is contained within the target output mask in pixel space.

2.3.2 Loss Function

The loss function for this framework prioritizes the following:
(1) Distance from each predicted points to the target points.
(2) Distance from each target point to the predicted points.
(3) predicted points being contained within the ground truth cluster.

To address the first two loss targets for our model, we can use the symmetrical chamfer distance

(CD) metric [55):

1 . 1 .
dea(P,G) = 5 >_minllp — gl + 7 > minlg - pll (2.1)
pEP g€y

where P is the set of predicted points and G is the set of ground truth points. This metric is
popular in point cloud completion methods as it balances the output points being located near the
ground truth data and the ground truth data having an output point near each data point.

However, since this metric is strictly distance-based, points can be predicted outside of the target
areas without additional penalty. To penalize the model against generating predictions outside of

the target area, we implement a cost multiplier using the generated masks discussed in Section
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Points predicted outside the target area will incur a penalty that multiplies the associated
deq term by §. We generate an output matrix A which is multiplied by the calculated matrix d.4.

This is formalized as:

C(P,G) = Adca(P, 7). (2.2)

With this cost function C the goals discussed previously are all addressed, however tuning constants
may be necessary to prioritize some goals of the function. Additional terms may be required to

encourage some behaviors, such as area coverage, or distance between output points.

(a) (b)

Figure 2.3: (a) Shows the road ground truth (black) overlayed with the measured lidar point cloud

(color). 9b) Shows the final ground truth after running the input removal algorithm discussed in

Section where d, = 1m.

2.4 Results and Discussion

The initial results presented in Figure [2.1] are promising as the terrain extension framework is able
to learn areas of high value to place the predicted traversable terrain points. Currently, the model

has only been successful during overfit testing, where the predicted results shown in Figure [2.1
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are results generated on the same dataset from which the model was trained. Initial attempts to
generalize the model fail, generally resulting in predicted points that are tightly clustered along
the axis of target output data. In the following Section [2.5| we will discuss potential methods for
increasing the generalizability of the model.

In general, the chosen metrics should evaluate the following characteristics of model:

(1) Prediction Accuracy: How close are the predicted terrain points to the target terrain?
Additionally, is the predicted terrain contained within the shape that defines the target

terrain?
(2) Coverage: How well do the predicted terrain points cover the total target terrain area?

The choice of performance metric in this problem is particularly subtle, owing in part to the fact
that scene extension is not an equivalent operation to point-cloud completion. In terms of prediction
accuracy, CD described in Eq. is a common metric to measure the performance of point cloud
completion algorithms. In our work, it is a large part of the loss function for training the scene
extension framework. While CD is a valuable metric of general performance, the results can be
misleading or difficult to interpret when predicting traversable terrain. First, CD is most useful
when comparing different methods. Since to our knowledge no other scene extension method exists,
the CD of our method will be difficult to interpret. Additionally, since CD is purely a distance
metric, there is no notion of staying within the target clusters. Therefore, this metric will not
penalize the framework for generating traversable terrain outside the target areas, as long as it
stays close to the edge of the target terrain. In our loss function, we address this with the masking
penalty described in Eq. . However, by including this term in the evaluation metric will make
the metric even more difficult to interpret.

A potential metric to measure the accuracy of the prediction framework could be the number of
predicted terrain points contained in the target terrain mask and the number of points predicted
outside the masks. However, this metric is flawed as well as it does not measure the overall coverage

of the predicted points of the target space.
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Finally, IoU and mloU are popular metrics for point-cloud completion and semantic scene comple-
tion models. However both do not directly apply to scene extension. IoU requires complete objects
for comparison. As our scene extension framework completely predicts the target terrain, some
modifications would be needed for this metric to be applicable, such as only looking at the IoU of
the predicted points. In addition, the framework currently predicts points, not complete maps. For
ToU to work well, we would need to voxelize the output and compare a voxelized output terrain
map to a target terrain map. This would also require some method of algorithm filling or many
more predicted points to be generated.

Based on the discussion above, we propose a number of metrics to capture the performance of the
model. While each metric may not independently capture the performance of the model, using the
metrics together should provide a good idea of how well the model extends the map terrain. The

proposed metrics are as follows:

(1) Prediction Accuracy: Of the predicted points, how many correctly predict traversable

terrain.

acc(P Z flp (2.3)

pGP
where f is a function that returns 1 if p is located in the ground truth traversable terrain

and 0 if not.

(2) Average CD - Prediction to ground truth: Provides an idea of how close to the

ground-truth data the predicted points are.

cdp(P,G) = meup gl|- (2.4)

pGP

(3) Histogram of CD - ground truth to prediction points: provides an idea of the overall

area coverage of the predicted points.
g € G,min|lg — pl|. (2.5)
peEP

Tables n - 2.2 provide the results of the terrain predictions shown in Figure [2.1] - (top: Scene 0,

bottom: Scene 1).
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Table 2.1: Accuracy and cd); of predicted terrain shown in Figure 2.1

acc cdpt

Scene 0 | 88.14 | 0.224

Scene 1 | 85.71 | 0.072

Table 2.2: Histogram of CD - ground truth to prediction point of predicted terrain shown in Figure

shown as a percentage.

0.4 0.8 1.2 16 | 2

Scene 0 | 28.45 | 50.93 | 18.40 | 2.20 | 0

Scene 1 | 57.53 | 37.36 | 5.12 0 0

Analyzing the results we can see that scene 0 is more difficult for the model than scene 1. While
the model has a better accuracy score on scene 0 the average distance from each predicted point to
the nearest ground truth point is much smaller in scene 1. Furthermore, a better coverage of the
overall scene is shown in Table for Scene 1, where more than 50% of ground truth points are

within 0.4m of a prediction.

2.5 Conclusions and Future Work

In this paper, we have provided the initial framework for a terrain extension model. The model
has been shown to overfit well, accurately predicting points in targeted areas that are occluded or
out of range of the input data. However, the model has been unsuccessful in generalizing these
points to data outside the training set. Given the nature of these failures, where the predicted
points are a single tight cluster, it is likely that adding a tuning multiplier to each term of the
symmetrical CD Eq. can be used to encourage the model to spread the predictions farther

apart. Additionally an explicit cost term could be included to the cost function C that calculated
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the KNN of each prediction and penalizes predictions being too close together. The future work of
the project expands beyond the ability of the framework to generalize. Real time terrain extension
on real robotic platforms would provide interesting data both of the real time inference capabilities
as well as the sim-2-real performance. Finally, exploring frontiers using the maps generated from
the terrain extend point clouds is an interesting problem as to how to treat the hybrid maps. The
proposed terrain extension framework discussed in this paper is the first step towards faster scene

exploration.



Chapter 3

SceneSense: : Diffusion Models for 3D Occupancy Synthesis from Partial

Observation

3.1 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 Al systems that generate open-ended representations, known as generative Al,
give us the building blocks to develop a generative model for predicting out of view or occluded
geometry. Previous attempts at generating “extended terrain” borrowing from point cloud com-
pletion (PCC) methods [139] struggle to generalize to new environments. Existing methods for
generating out-of-view geometry such as semantic scene completion (SSC) [35, 160} 195] and more
recently scene synthesis based approaches [59, [165] 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
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Figure 3.1: 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.

subterranean (SubT) challenge [38]. 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) [14]. It is our hypothesis that platform exploration

speeds can be accelerated using generative models for occupancy prediction.
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In this work we leverage recent advances in generative Al 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, Gaus-
sian noise controlled by a noise scheduler [72] 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 [I31] and used as conditioning 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. Crit-
ically, 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 [134]
against a running occupancy map. Our results show that our proposed approach (SceneSense)
enhances 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 inpainting that both enhances the pre-
dictions of the generative 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 param-

eters that are configurable at runtime.
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3.2 Related Works

3.2.1 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 [35] or indoor applications [31]. 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 [143]. Indoor
methods perform around 40% mloU [143] 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.

3.2.2 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)
[59]. Original works in this space synthesized 3D views of objects from multiple camera views [118]
, while recent works have synthesized full indoor scenes [I142]. Current NeRF implementations are
slow at inference time, often taking on the order of minutes to render a scene [59]. 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 [165]. Initial
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Figure 3.2: 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 observed occupied (green) and observed unoccupied (red)
data. The result is inpainted into the noisy local occupancy prediction as discussed in section
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 at ¢t — 1. This process is
repeated as the starting noise x7 is iteratively denoised to x¢ which is the final geometry prediction
from the framework.

studies show these models 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.

3.2.3 3D Diffusion and Diffusion in Robotics

Diffusion models [72, [I57] have had great success as generative models, generating impressive
results across diverse modalities, such as image [146] video [69], audio [78] and natural language
[4]. A number of surveys have been published in recent years providing further details on various
implementations [195], [41]. Research on diffusion in 3D is limited and generally applied to single

object generation [206]. However recent works have begun to explore application of diffusion models
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for scene generation. Notable work in this space include LegoNet [201] which applies diffusion
models to rearrange objects in a 3D scene and DiffuScene [165] 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.

Diffusion for Robotic Applications. The success of diffusion models have inspired researchers
to begin to apply them in the robotics 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 [82, 1] and perception [83, 26].
These generative models are both increasing the effectiveness of current methods in traditional

robotics problems as well as providing new research areas to tackle.

3.3 Preliminaries and Problem Definition

3.3.1 Problem Definition: 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 voxel v in a target region x where v € RZ***Y,

3.3.2 Forward Diffusion

xo is defined as a clean occupancy grid where the distribution of zy can be defined as g(z¢). By
sampling from the data distribution zg ~ ¢(xo) the forward diffusion process is defined as a Markov
chain of variables x1, ..., x7 that iteratively adds Gaussian noise to the sample. A diffusion step at

time ¢ in this chain is defined as:

Q($t|xt71) = N(J?t; AV 1 — Bwy_1, 575[), (3-1)

where t is the time step t € [1,T], 5, is the variance schedule 0 < 3; < 1 and I is the identity

matrix. The joint distribution of the full diffusion process is then the product of the diffusion step
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defined in eq. (3.1)):
T

g(zrrlo) = [ [ alwilaen). (3.2)

t=1

Conveniently we can apply the reparameterization trick to directly sample x; given x( using the

conditional distribution:
q(x¢|z0) = N (2485 Vauxo, (1 — o) T), (3.3)

where x; = v/agxg+ /1 — aye where oy :=1— 54, oy := Hi:l ag, and € is the noise used to corrupt

Tt.

3.3.3 Reverse Diffusion

Reverse diffusion is a Markov chain of learned Gaussian transitions pg(z:—1|z:) which is parame-

terized by a learnable network 6:

po(@i—1|ze) = N (ze—1; po(xe, ), So(xe, 1)), (3.4)

where pg(xy,t) and Xg(xy,t) are the predicted mean and covariance respectively of the Gaussian
xzi—1. Given the initial state of a noisy occupancy map from a standard multivariate Gaussian
distribution 2y ~ N(0,I) the reverse diffusion process iteratively predicts z;—1 at each time step
t until reaching the final state xg which is the goal occupancy map. Similar to the Markov chain
defined forward diffusion process the joint distribution on of the reverse diffusion process is simply

the product of the applied learned Gaussian transitions pg(xi—1|x¢):

T
po(wo.1) = po(Xr) H (w¢—1|m¢). (3.5)

3.3.4 Conditional Diffusion

The conditional diffusion model extends the diffusion process to guide the diffusion by some condi-
tioning y. In particular we use a class of conditional diffusion models called classifier-free diffusion

[73]. During training the diffusion model fy(z¢,y,t) is trained to predict xg from z; under the
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Figure 3.3: Various SceneSense predictions from equivalent input data where green is the running
occupancy map and red is the SceneSense predicted occupancy. Given the limited input infor-
mation the diffusion framework can generate multiple reasonable predictions from the same input
conditioning.

guidance of condition y. During training conditioning y is replaced with a null label () with a fixed
probability. At inference time xg is reconstructed from zp with guidance from the conditioning
y. During sampling at inference time the output of the model is “pushed” toward the conditional

model result fy(z¢]y) and away from the unconditioned result fy(x¢|0) as follows:

Jo(aely) = fo(wel0) + s - (fo(wely) — folae|0)), (3.6)

where s is the guidance scale defined as s € R>q. sis a configurable parameter at runtime that allows

for the user to configure how closely the model should adhere to the provided conditioning.

3.4 Method

3.4.1 Architecture

Denoising Network. The denoising network in our method is inspired by the popular image
generation diffusion network Stable Diffusion [146]. It is a U-net constructed from the Hugging-
Face Diffusers library of blocks [I74] and consists of Resnet [70] downsampling/upsampling blocks

with cross-attention as well as regular ResNet downsampling/upsampling blocks. The conditioning
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features generated by Pointnet++ are mapped to the intermediate layers of the U-net via the cross

attention layers of the transformer blocks as discussed by Stable Diffusion [146].

Feature Extraction and Conditioning. As discussed in section [3.3] classifier-free diffusion
models are conditioned on a set of guidance data y. Our model uses the Pointnet++ [I31] back-
bone to generate a N x F' feature matrix from a given RGB-D image, where F' is the number of
desired Pointnet++ features per point n € N. As is common with other vision based pipelines
[106] 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 [146].

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 [77] to generate
an occupancy map as the platform explores the environment. Importantly, Octomap provides a
probability of occupancy o € [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 areas
M,, but also a map of areas that have been measured to not contain any data M,. These maps

will later be used to inform SceneSense where occupancy predictions should be made.

3.4.2 Training

During training, we generate a noisy local occupancy map x; where ¢ € [1,7] from a ground truth
local occupancy map z. We train the diffusion model fy to predict the noise applied to x; given

the associated RGB-D conditioning y.

Occupancy Corruption. To corrupt each ground truth local occupancy map z to train the

network we add Gaussian noise to x to generate x;. This corruption process is defined in eq. ([3.3)
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where the intensity of the noise is controlled by a; which is configured by a linear noise scheduler

7.

Loss Function. The network fy is trained using the calculated Iy loss between the denoised xy
prediction and the associated ground truth data z. Iy 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 [124] [146], 26, [83].

3.4.3 Inference

Sampling Process The trained noise prediction network fy takes isotropic Gaussian noise N (0,7)
as the starting point 27 to begin the reverse diffusion process. The noise is iteratively removed by
using fy and the associated RGB-D features y to compute z;—1 The RGB-D features y are applied

as conditioning during the process with the cross-attention mechanism [I71].

Occupancy Inpainting. Our method of occupancy inpainting ensures observed space is never
overwritten with SceneSense predictions. Additionally occupancy inpainting enhances the pre-
dictions from the models seen in fig. (c). Inspired by image inpainting methods seen in image
diffusion [146] and guided image synthesis methods [116], occupancy inpainting continuously applies
the known occupancy information to the diffusion target during inference. To perform occupancy
inpainting we select our target region x as a sub map of the full occupancy map. From x we build
a occupied map M, and unoccupied map M, composed of observed occupied voxels and observed
unoccupied voxels respectively. From M, and M, we generate noisy representations commensurate
with the current diffusion step t using Eq. My, and M, respectively. Finally the data from
M, and M, replaces the data in the diffusion target at the associated coordinates. This process is
repeated for each inference step and can be seen in fig. This method both increases the fidelity
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
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same context. In image generation this is a desirable characteristic as the framework can generate
different results given the same prompt, increasing the diversity of the generated data. As shown in
fig. 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 (as-
suming 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.

3.5 Experiments

We use the Habitat lab simulation platform [130] and the Habitat-Matterport 3D research dataset
(HM3D) Dataset [134] to generate training and test data. We operate a simulated platform with
a 256x256 RGB-D camera through 12 different house environment to generate full occupancy
grids with voxel resolution of 0.1m 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 fig. and
fig. [3.1] 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 shuffled pairs of conditioning
y and ground truth occupancy grids x, where various houses may be mixed in a batch. We use
Chameleon cloud computing resources [8§] 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 from 1076 to 107, We set dropout to 0.2 where the conditioning v 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.
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Figure 3.4: 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 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.
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Figure 3.5: Calculated predicted voxels v, over occupied voxels v, (%) over the house 2 exploration.
(a) Superimposes the running occupancy map over the house mesh where the colors of the occupancy
map show how many steps have ran to that point. Green voxels are the running occupancy map
from step 0 to step 20, blue are step 0 to step 95, and red are step 0 to 150. These colors correspond
with the plot line colors in (b). (b) Shows the Z—i as the robot explores the space. Z—Z starts high at
time step 0, when the occupancy map is sparse, and quickly drops over the green exploration where
more of the local scene is observed. Z—(’; stays relatively low as the vehicle completes the exploration
of the green room, navigates back to the start point and traverses the hallway. Z—S increases slightly
as the robot traverses previously unobserved space (red), which requests more predicted voxels as
less of the scene has been observed.
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Baselines. To our knowledge this is the first architecture to apply a generative method to predict
3D occupancy around a platform from a single aimed sensor. Notably, OPNet [176] uses a neural
network to predict the geometry of partially visible objects but cannot generate complete scenes,
making it unsuitable for comparison with SceneSense, which generates full scenes beyond occluded
views. 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.

Evaluation. Following similar generative scene synthesis approaches [165, 178] we employ the
Fréchet inception distance (FID) | [71] and the Kernel inception distance [I5] (KID x1000) to
evaluate the generated local occupancy grids using the clean-fid library [127]. Generating good
metrics to evaluate generative frameworks is a difficult task [122]. FID and KID have become
the standard metric for many generative methods due to their ability to score both accuracy of
predicted results, as well as diversity or coverage of the results when compared to a set of ground
truth data. Traditional metrics such as accuracy or IoU penalize generative methods for making
reasonable predictions as they have no means of evaluating if a prediction beyond the alignment
of the predictions to a ground-truth. While these metrics are fairly new to robotics we show that

they are an effective measure of the success of a generative framework like SceneSense.

Table 3.1: Quantitative comparisons of local occupancy synthesis from two test home environments
from the HM3D [134] dataset.

House 1 House 2
Method | FID | KID | | FID | KID |
BL 26.18 1891 | 22.55 14.06
SS 17.81 7.93 20.94 6.93
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Figure 3.6: SceneSense ablation experiments: All ablation experiments were run on test house
1 using the same trained diffusion network. For all experiments conditioning and inpainting are
enabled, s is set to 3 and 30 denoising steps are used unless these values are being ablated. (a)
Figure (a) ablates various denoising step values. (b) Figure (b) ablates various guidance scale s
values as defined in eq. . (c) Figure (c) ablates enabling conditioning and inpainting for the
network. A 1 indicates the value is enabled and 0 indicates it is disabled.

3.6 Results

Quantitative results for the test set are shown in table [£.2] while qualitative results showing example
diffused occupancy grids can be seen in fig. and fig. SceneSense achieved substantial
reductions in both KID and FID when compared to the baseline running occupancy method.
Additionally, the qualitative results show reasonable estimates of potential geometry around the

platform given limited input information.

Quantitative Discussion. The results presented in table favor SceneSense when compared
to the local running occupancy information in both scenes tested. In house 1 substantial reduction
in FID and KID, 31% and 58% respectively, were reported. While the reduction in FID was lower
in house 2 (7%) the reduction in KID was similar to that measured in house 1, 50%. KID is
known to be less sensitive to outliers and is considered by some to be an advantageous metric for
evaluating generative frameworks when compared to the FID [I5]. As shown in fig. house 2 is a
much different layout than house 1, with many small hallways, rooms and corners. It is likely that
house 1 is more similar to those captured in the training set than house 2, leading to an increase
in erroneous predictions in the house 2 scene. These predictions result in a larger FID score while

the KID remains low due to the native robustness to these skewed distributions.
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Further we can look at example predictions for qualitative evaluation and to examine FID and KID
as evaluation metrics compared to traditional metrics such as IoU. Take for example the upper
prediction in fig. 3.I] where the platform is entering the kitchen. SceneSense adds useful information
to the problem, predicting the existence of floor as well as a wall that would obstruct motion to
the right of the robot. However the wall is 0.1 - 0.2m off the actual existing wall. The result of
this incorrect locating results in a worse IoU (0.52) than the local occupancy information (0.61).
These problems in quantitative evaluation are only exacerbated when there is more geometry to
estimate such as in the bottom observation of fig. Generative models incur a large penalty
in the IoU metric for guessing at geometry, even when given very little context for the prediction.
Predictions increase the total union of the space, however a missed prediction does not increase
the intersection of the space. In the case of the top prediction in even if the prediction would
be useful in planning, since the wall is mislocated the metric reports a much worse IoU than the
running occupancy. Additionally in cases where little information is known, such as in the bottom
prediction of 3:4] an occupancy prediction of what the geometry may look like is heavily penalized
since the metric does not evaluate if a prediction distribution is reasonable. However the FID and
KID metrics evaluate both the accuracy of predictions as well as the distribution of the predictions,
allowing for generative frameworks that attempt to generate challenging results to be fairly scored.
FID and KID are already widely adopted metrics in generative fields such as image generation
[135], [146] and scene synthesis [165] [178] for these reason and our results support their use in this
context. Qualitative Discussion. Predicted frame can be qualitatively evaluated against the

following criteria:

(1) Reasonability: Is the generated occupancy grid reasonable? Does the platform have

enough information to make a better guess?

(2) Usefulness: Does the generated occupancy grid provide useful information? Would the

addition of this information be useful in planning or control execution?

(3) Accuracy: Does the generated occupancy grid accuracy describe the geometry of the
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scene?

Examining the frames from fig. the top SceneSense prediction is reasonable and accurate.
SceneSense does a good job filling in the occluded geometry on the back of the couch and floor, and
matches well with the ground truth data. While this information is useful, in particular providing
the additional ground for potential planning, it likely would not have a large impact on most
planning frameworks. The bottom SceneSense prediction shown in fig. is quite different from
the previously examined prediction. The accuracy of this scene is quite low, predicting additional
walls and doorways where they do not exist. The usefulness of this scene is debatable, there is a
doorway shown in the constructed wall behind the platform, but it likely due to the total volumetric
gain past the bed a planner would chose to explore beyond the bed rather than behind it. The
reasonability however of this scene is arguably high. As this is a very early pose in the occupancy
mapping process the model has very little information to go off of as shown in the input data. It
is entirely reasonable to assume that the doorway is behind the robot which exits to the hallway
structure that is generated. Given such little information, one cannot expect perfect prediction of
previously unexplored space. However due to the inpainting method implemented in our framework,
once more information is made available, predictions become more grounded as less area is available
to predict over. This behavior is shown in fig. The same quantitative analysis applies to the
bottom prediction for test house 2 fig.

Examining the top frame of house 2 from fig. the SceneSense prediction is useful. When entering
a new room the platform does not directly measure the wall to its right, leaving the occupancy map
empty in that space. A plan could be formed to explore that empty space, however SceneSense
constructs a wall impeding that movement which would encourage exploration further into the
room. While this prediction is somewhat low accuracy due to the misplacement of the wall, it is

indeed reasonable and useful to the platform.

SceneSense Accuracy Over Time. As discussed in section [£.2.2] SceneSense only predicts

occupancy in areas that have not been directly measured to be occupied or unoccupied. This
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means that as exploration of the space approaches 100% SceneSense will have no unobserved space
to predict over. This can be measured as Z—Z where v, are the predicted voxels from SceneSense
and v, are the local occupied voxels. Given 100% exploration this metric will approach 1 where all
predicted voxels are simply the local occupied voxels. This reduction in prediction space is shown
in fig. Initially Z—i’ is quite high, since very little of the scene has been observed but quickly
drops during exploration. Spikes in Z—’O’ are seen when the platform moves to new areas that have
occlusions such as hallways or when entering new rooms. These metrics support the assertion that
SceneSense respects measured space and only generates geometry where no measurement has been

taken.

3.6.1 Ablations

Denoising Steps Discussion. The number of diffusion steps defines the size of each diffusion
step during the reverse diffusion process. Generating reasonable results using the fewest possible
denoising steps is desirable behavior to reduce computation time. Additionally too many denoising
steps have been shown to introduce sampling drift which results in decreased performance [26], 83].
As shown in fig. (a) our method saw the best results when configured to 30 denoising steps.
Too few denoising steps results in the network being unable make accurate predictions over the
large time step. Increasing the number of denoising steps keeps results relatively stable over time,
however you can see the KID is slightly worse using more steps due to sampling drift. Sampling drift
is a result of the discrepancy between the distribution of the training and the inference data. During
training, the model is trained to reduce a noisy map z; to a ground truth map z, at inference time
the model iteratively removes noise from its already imperfect noise predictions. These predictions
will drift away from the initial corruption distribution which becomes more pronounced at smaller

time steps due to the compounding error.

Conditioning and Guidance Scale Discussion. The guidance scale s as defined in eq. (3.6]) is
a constant that multiplies the difference of the conditional diffusion and unconditional diffusion to

“push” the diffusion process towards the conditioned answer. Setting s too high results in too large
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of pushes away from reasonable predictions and results in poor generalization to new environments.
The best FID is measured when s = 3 however KID is slightly lower when s = 1. Further, when
examining chart (c) it is shown that the results when conditioning is removed all together (s =0 )
are very similar to the best results seen with conditioning enabled (albeit slightly worse). This is
likely because most of the useful conditioning information is captured in the local occupancy data,
and mapping measured RGB-D points from area in front of the to geometry under or behind the
platform is a very difficult task. The performance of the conditioning only data may be seen to
have a larger impact on the overall results if the sensor could capture more local information, such

as given a wider FOV or different mounting angle.



Chapter 4

Online Diffusion-Based 3D Occupancy Prediction at the Frontier with

Probabilistic Map Reconciliation

4.1 Introduction

In general robots are limited to evaluating and making decisions over space that has been directly
observed, either during the present deployment or a prior one. For deployments to environments
where prior information does not exist, the autonomous system relies only on what it can observe at
present. These deployments are particularly challenging for autonomous navigation as perception
sensors have limited fields of view, and are often occluded by obstacles in the environment. Data
products, such as 2D or 3D geometric maps that are generated for these environments, can have
holes where the sensor could not observe, particularly at runtime when the system is exploring.
While there are existing methods for filling LIDAR shadows [51] or gaps in the map [I89] [33], most
focus on hole filling where the geometry around the hole has been observed. To further enhance
robotic decision making, we need to not only fill holes in the map, but also be able to extend map

geometry beyond what can be directly measured.
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Figure 4.1: Onboard Occupancy Prediction and Map Merging: Green voxels represent
observed occupancy and red voxels represent predicted occupancy. Gray graph points represent
vertices and yellow graph points represent vertices identified as frontier points. (a) Spot platform
is positioned in front of a t-intersection at startup as shown in the photo of the scene. (b) The map
is populated with the observed 3D occupancy data from the lidar sensor. (c) Robot-centric (RC)
occupancy prediction runs to predict occupancy data around the robot. Then a graph is built over
the space to identify frontiers of interest for frontier-centric (FC) occupancy prediction. (d) Finally
the diffusion model predicts the occupancy around the frontier points. These predicted maps are

merged into the running map using our probabilistic map update rule.
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Occupancy prediction is a method to fill and extend observed maps beyond direct measurements
made by sensors. Recent works [138] have shown that occupancy prediction models can create
realistic and likely predictions of what complete occupied space could look like around a robot.
However it is not obvious how these methods would transfer from simulation to a real-world system.
In this paper, we make key modifications to the diffusion-based SceneSense occupancy prediction
model [138] to enable occupancy predictions at any point in the running map, as well as achieve
decreased inference times for online occupancy prediction. Further, we define a probabilistic map
update rule to merge the occupancy predictions with the running observed map. We implement
a graph-based frontier evaluation method for identifying ideal areas for occupancy prediction and
evaluate it with a real-world robotic system. The primary outcomes of the contributions discussed

are as follows:
(1) 73% end-to-end run time reduction for SceneSense [I38] occupancy prediction model.
(2) Enabling occupancy predictions at range, anywhere in the map.

(3) 75% improvement in frontier occupancy map evaluation metrics when compared to the

vision only map

(4) 71% improvement in frontier occupancy map evaluation metrics when compared to the one

shot map merging method presented in the original SceneSense work [13§].

4.2 Related Work

4.2.1 Occupancy Prediction

One solution to the challenge of autonomous navigation in occluded environments is to predict
occupancy distributions. Though deep learning (DL) approaches have shown promise, existing
methods struggle with scalability, generalization, and handling occluded areas. Wang et al. [177]
propose a DL approach to predict occupancy distribution which involves selectively removing data

from the Matterport3D [22] dataset during training for the model to learn occluded geometries.
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This biases the model to predict occupancy for these specific types of occlusions and does not
scale well to large unseen sections of an environment. In [79], the authors present a self-supervised
method for 3D occupancy prediction using video sequences, which transforms 2D images into 3D
representations with deformable attention layers. While effective with nearby cameras, it struggles
to predict occupancy beyond the camera’s view due to signed distance field’s (SDF) limitations in
managing occluded geometry. More recently, diffusion models were shown to successfully generate
occupancy predictions behind occluded geometries in indoor environments using a single RGBD
sensor mounted on a mobile robot platform [138]. Our research advances this method by introducing

a novel, more efficient approach to occupancy prediction, demonstrated on real hardware.

4.2.2 Scene Synthesis

Diffusion models [72] 158], are a popular tool that has demonstrated impressive generative results
across image [145], video [69], and natural language [78]. Based on these successes, diffusion models
are being extended to 3D scene and shape generation. Recent work [I0§] demonstrates the use of
diffusion models for 3D point cloud generation for simple shapes and objects (e.g. tables, chairs).
Kim et al. [91] shows successful 3D shape generation from 2D content such as images, and Vahdat
et al. [I70] demonstrate similar 3D shape generation but using point cloud datasets rather than
images. In LegoNet [I82], diffusion models are used to propose object rearrangements in a 3D
scene. In DiffuScene [165], a denoising diffusion model is used with text conditioning to generate
3D indoor scenes from sets of unordered object attributes. Unlike these previous works which
primarily focus on generating simple shapes, rearranging objects, or creating indoor scenes, our
approach leverages diffusion models to fuse generated terrain with measurements from the local
robot field of view, thereby bridging the gap between 3D scene generation and practical, situated

robotics applications.
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Figure 4.2: System Block Diagram: Block diagram showing the system design for onboard
SceneSense occupancy prediction. The system is comprised of an IMU and Lidar sensor to generate
odometry and occupancy maps. Once the occupancy map is built, a graph is constructed to evaluate
frontier points for occupancy prediction. Local occupancy is then sub selected around these points
and sent to the SceneSense framework that provides occupancy predictions. These predictions are
then merged with the running occupancy map using the probabilistic update rule.
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4.3 Methods

4.3.1 Problem Definition

Frontier Identification and Evaluation. Let M be the current occupancy map, built via
measurements from an onboard sensor S and odometer measurements @. The map consists of
voxels m that are categorized as m € Myyce, m € Moccupied, and m € Mypiknown, representing free,
occupied and unknown space respectively. We seek to identify and evaluate frontiers in M that can
enhance the robot’s decision making for potential exploration. In general, “interesting” frontiers
will maximize the number of unknown voxels available for occupancy prediction while considering

common exploration metrics such a directionality, distance from target and reachability [13], 44].

Dense Occupancy prediction. Dense occupancy prediction predicts the occupancy from [0, 1]

where 0 is unoccupied and 1 is occupied for every voxel m in a target region x C M.

4.3.2 Robotic System Architecture

Our robotic system is constructed as a quadruped (Spot) as shown in Figure as well as an off-
board high performance computer to handle computationally expensive requests. A block diagram

of the system is shown in Figure |4.2

Sensor Suite The equipped sensor suite was designed with the purpose of providing 3D point
cloud information and sufficient data for accurate localization. The primary sensor in the spot sen-
sor suite is the Ouster OS1-64 lidar which provides 3D point clouds for mapping and localization.
In addition a LORD Microstrain 3DM-GX5-15 IMU is used to measure the linear and angular

acceleration of the ouster, for use in the localization system.

Localization. Localization is required for Spot to perform volumetric mapping. We have imple-
mented the popular LIDAR-based localization method LIO-SAM [I52] to provide localization at

run-time.

Occupancy Prediction. We adopt the SceneSense occupancy prediction diffusion model [13§]
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with modifications to enable novel functionality and performance improvements. Originally, Sce-
neSense was designed as a conditional diffusion model where the conditioning is RGBD data from
a camera/depth sensor on the robot. However, ablation studies of the model show that including
this RGBD conditioning has very little performance impact when occupancy inpainting is en-
abled [138]. By removing the RGBD conditioning we enable two key characteristics for the model;
anywhere occupancy prediction and increased inference speed.

Removing the RGBD conditioning data obviates the need to center occupancy predictions at the
robot. By removing the need for image conditioning, occupancy can be predicted anywhere in the
observed map, allowing for occupancy predictions at range. Secondly, we can replace the cross-
attention based noise prediction model with the equivalent unconditional model. This reduces the
number of trainable parameters for the same unconditioned performance. Further, this change also

removes the need for a feature extraction backbone, saving additional computation time.

Frontier Identification and Evaluation. With the modifications to the occupancy prediction
framework we can generate occupancy predictions at any point in the map. To identify interesting
areas for prediction we adopt the graph-based exploration planner GBPlanner [44]. GBPlanner
builds a graph where nodes are potential exploration points and edges are feasible paths to navigate
from node to node. A ray casting algorithm is run at each node in the graph to quantify the number
of observed, free, and unknown voxels in that node’s field of view. After finding the shortest path
to each node the Exploration Gain can be calculated for each node in the graph as follows: where
S(04, Oeap), D(vi, v;) are weight function with tunable factors s, yp > 0 respectively. Furthermore
D(vi, v;) is the cumulative Euclidean distance from a vertex U;- to the root v} along a path ~;.

Exploration gain is used to rank nodes at which occupancy prediction should run. Given some
minimum node spacing d,, and some maximum number of frontier prediction nodes 7,4, Scene-

Sense is run centered at the identified frontiers to generate occupancy predictions at range in ideal

areas.

Mapping. The probabilistic volumetric mapping method Octomap [77] was selected as the map-
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ping framework. Octomap was adopted for its log-odds update method for predicting occupied
and unoccupied cells. This approach allows for elegant fusion of observed occupancy and predicted

occupancy maps. Further discussion on map fusion is provided in Section section

4.3.3 Probabilistic Map Merging

In previous work predicted occupancy was merged into the running occupancy map in a “fire and
forget” approach [I38]. A given occupancy prediction was temporarily merged into the running
occupancy map by setting the predicted occupied cells to 1. Then, when a new occupancy predic-
tion was generated, the previous prediction would be removed from the running map and the new
prediction would be merged in the same way. While this approach is effective in some applications,
it limits the ability to accurately maintain a coherent and continuous understanding of the envi-
ronment. To address these issues, we modify the probabilistic occupancy update formula presented
for the Octomap mapping framework [77].

We define the probability that a voxel m is occupied given a occupancy prediction d; or sensor read-
ing z; as P(m|d;) or P(m|z;) respectively. The set of sensor estimates z1.; and diffusion estimates
dy.; populate the joint set {z1.4, d1.+} which we denote as j.;. As discussed in [I38], SceneSense only
operates on voxels m that are not contained in the observed set O, where z;.;—1 = &, and therefore
P(m|j1.¢) will never require an update given P(m|d;) and P(m|z;) at the same time. As such we

generate the piece-wise update rule for merging diffusion into the running occupancy map.

1—P(m|d) 1—P(m|j1:t—1) P(m) -1 )
[1 + P(m\dt)’ P(m‘jli_tl)l 17P(m)} ifmée¢QO

P(m | jia) = (4.1)

1—P(ml|z) 1=P(mljie—1) P(m) 171 .
1+ s i piy) P 1 itme o,

In this framework P(m|z;) and P(m|d;) can be configured to different values prior to runtime.
Generally P(m|d;) given a predicted occupied cell is set lower than P(m|z;) given a sensed occupied
cell, as we trust the sensor more than our generative model. By using this probabilistic approach
to map merging, the final merged map benefits from prediction persistence as the system explores

as well as increased map fidelity due to multi-prediction occupancy voting.



43

» Merged Map

Vision Map \ <€

SceneSense Predictions

Figure 4.4: Multi-Prediction Occupancy Merging: SceneSense predicts various occupancy
maps based on equivalent input data that form a distribution. This distribution forms a curve
where more likely predictions occur more often, and less likely predictions occur infrequently. These
predictions are fused into the merged map using Eq. The resulting merged map naturally filters

out the unlikely voxel predictions, forming an extended occupancy map.

Multi Prediction Voting. As shown in Figure[5.3] the occupancy predictions generated by Sce-
neSense can be unique even given the same conditioning information. Similar to image generation
tasks it is desirable for SceneSense to generate various realistic results given the same conditioning
data [15] [145]. Given this behavior, we can collect various predictions of the same scene and think
of these predictions as a distribution, where the more likely scenes occur more frequently and less
likely scenes occur at the tails of the distribution. Then we can aggregate the scene predictions
using the probabilistic update rule defined in Eq. [5.2] and generate a scene constructed from the
distribution. The resulting merged map will naturally filter out outlier occupancy predictions and

result in only the most probable voxels maintaining occupancy in the final merged map.

Observed vs. Predicted Voxels. The architecture of SceneSense uses observed data (observed
occupied and observed unoccupied) for occupancy inpainting during diffusion. In this paradigm
SceneSense will never modify observed cells, and only make occupancy prediction in unobserved

space. In Eq. if a voxel has not been observed, SceneSense will generate occupancy predictions
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and update the voxel given the update rule. If that voxel is later observed, the previous P(m | ji.¢)
is used to calculate the probability of occupancy given P(n | z;). In practice it is often the case
that the user trusts the lidar sensor more than the SceneSense predictions and therefore P(m | d;)
< P(m | z;). This means that when a voxel that has been previously populated by SceneSense is
directly observed P(m | ji.¢) it will more quickly be updated to reflect the occupancy observed by
Sensor z;.

Further this approach ensures that SceneSense will never overwrite direct observations. Observed
occupancy information (occupied information from lidar hits, and unoccupied information calcu-
lated from ray casting) is mapped into the diffusion process at every timestep t to perform occupancy
inpainting. Therefore any observations, whether those observations be occupied or unoccupied are

maintained and guaranteed to persist through the diffusion process.

4.4 Experiments and Results

In this section, we provide results and evaluations of the modified SceneSense occupancy prediction

framework onboard a real-world system.

Training and Implementation. To train SceneSense we collected real-world occupancy maps
from various buildings. Approximately 1 hour worth of occupancy data, which resulted in 11,296
unique poses with associated complete local occupancy maps. Any areas that were used to train
the model are omitted from the results presented here.

We implement the same denoising network structure presented in [I38]. It is a U-net constructed
from the HuggingFace Diffusers library of blocks [174] and consists of Resnet [70] downsam-
pling /upsampling blocks. The diffusion model is trained using randomly shuffled pairs of ground
truth local occupancy maps x. We use Chameleon cloud computing resources [88] to train our
model on one A100 with a batch size of 32 for 250 epochs or 88,208 training steps. We use a
cosine learning rate scheduler with a 500 step warm up from 1076 to 10™*. The noise scheduler for

diffusion is set to 1000 noise steps.
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At inference time we evaluate our dataset using an RTX 4070 TI Super GPU for acceleration. The

number of diffusion steps is configured to 30 steps.

4.4.1 Inference time

We evaluate the inference time of the unconditional diffusion model against the inference time of
the conditional model presented in the original SceneSense paper [138]. The cross-attention en-
abling trainable parameters are removed for the unconditional model, but the number of output
channels for the constructed U-net are held constant between both models. As the ablation results
of the original paper show minor, or no performance gain between the conditional and uncondi-
tional model in this configuration we do not evaluate the results of the model predictions in these

experiments.

Table 4.1: Inference time and model size results. “Full inference” and “end-to-end” evaluations are
computed using 30 diffusion steps.

Cond. Model [138] Uncond. Model
Trainable Params 141,125,261 101,144,845
Diffusion Step (s) 0.03707 0.0147
Full Inference (s) 1.11 0.4437
Backbone (s) .55099 N.A.
End-to-end (s) 1.66 0.4437

Discussion. As shown in Table removing the conditioning from the diffusion model reduces
the computation requirements substantially. The unconditional model reduces the number of train-
able parameters by 28%, the model inference time by 60% and the end to end computation time
by 73%. These improvements enable SceneSense to operate in real-time more effectively, allowing

for more flexible implementations for onboard robotic applications.

4.4.2 SceneSense Generative Occupancy Evaluation

For the following experiments we evaluated the occupancy generation capabilities of the SceneSense

onboard a real world robot in 2 unique test environments. In particular we examine the fidelity of
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predictions around the robot with predictions at the frontiers of the map, ablating potential map
update methods and the running sensor only map.

Experimental Setup. The SceneSense occupancy prediction is evaluated in 2 test environments.
Test environment 1 was a long hallway with hallway cutouts for classrooms and 1 right turn. Select
frames shown in figure and are from Environment 1. Test environment 2 consists of
enclosed carpeted area where 4 hallways for a closed box. We evaluate the occupancy prediction

framework using the following test configurations.

(1) Baseline or SceneSense: A comparison between octomap sensor only local occupancy

(BL) with the SceneSense Occupancy Prediction included (SS).

(2) Robot-centric or Frontier-centeric: robot-centeric diffusion (RC) predicts occupancy
at a radius of 3.3m about the robot while frontier-centric diffusion (FC) predicts occupancy
at a radius of 3.3m at some identified location in the map, which is has a maximum range

of 7m from the robot.

(3) One Shot Map Merging or Probabilistic Map Merging: One shot map merging
(OSMM) simply takes the current local occupancy map and a SceneSense occupancy pre-
diction and populates the predicted occupancy information in the running map. Probabilis-
tic map merging (PMM) keeps a running local merged occupancy map that uses update
equation 5.2 to update the occupancy map for every new occupancy prediction. In practice,

each pose will receive 3-5 SceneSense predictions to merge into the running map

Occupancy Prediction Metrics. Following similar generative scene synthesis approaches [165,
178] we employ the Fréchet inception distance (FID) [71] and the Kernel inception distance [15]
(KID x1000) to evaluate the generated local occupancy grids using the clean-fid library [127].
Generating good metrics to evaluate generative frameworks is a difficult task [122]. FID and KID
have become the standard metric for many generative methods due to their ability to score both

accuracy of predicted results, and diversity or coverage of the results when compared to a set of
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ground truth data. While these metrics are fairly new to robotics, which traditionally evaluates
occupancy data with metrics like accuracy, precision and IoU, we show that they are an effective
measure of the success of a generative framework like SceneSense.

Table 4.2: Results comparing running occupancy (BL) to occupancy enhanced with SceneSense

prediction (SS). Evaluations of each method are provided as robot-centric generations (RC) and
frontier-centric generations (FC).

Env. 1 Env. 2

Method FID | KIDx1000 | | FID | KIDx1000 |
BL-RC 36.0 16.4 30.3 16.3
SS-RC-OSMM | 26.3 7.7 20.8 10.1
SS-RC-PMM 29.2 104 21.0 9.1
BL-FC 116.9 81.6 150.6 118.8
SS-FC-OSMM | 104.2 66.3 133.4 104.4
SS-FC-PMM 30.1 10.3 34.5 9.0




Figure 4.5: Example Occupancy Predictions: Scene images at the top of the figure correspond

to the 3 pairs of occupancy maps, where (a) corresponds to the top pair of occupancy maps. The
left column of occupancy maps shows the vision only map, while the the right column shows the
merged vision and prediction maps. (a) Spot approaches a hallway corner and given the lidar
mounting position cannot observe the floor after entering the hall junction. SceneSense is able to
fill the floor as we well as missing wall information that was not observed. (b) Spot navigates down
a hallway and enter area with a glass railing above the stairs. (c). Spot navigates down a hallway

generating predictions along the way.
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Results Discussion. The results in Table[d.2)show that RC predictions are quite similar between
OSMM and PMM approaches, reducing the FID of the environments by an average of 25% and
28.5% for OSMM and PMM respectively. These results are similar to the simulation-based results
presented in [I38]. However, the FC results show a much greater improvement for PMM, with an
average FID reduction of 75%, compared to OSMM, which only achieves an average FID reduction
of 11%.

Interestingly, The KID values are nearly identical between between SS-RC-PMM and SS-FC-PMM,
indicating that the model occupancy predictions at range are as reasonable as the predictions made
around the robot, even though there is less information for the predictions at range. KID is known
to be less sensitive to outliers when compared to the FID [I5]. It is likely that the unreasonable
predictions that can occur when performing FC predictions are better filtered out by the KID
metric, resulting in similar scores.

The large discrepancy between RC and FC results when employing the two map merging methods
are due to the distribution of possible predictions given the observed occupancy data. We predict
that as the number of unknown voxels grows, so too does the distribution of predicted scenes.
Intuitively, if there are no observed voxels to guide the prediction SceneSense will predict a wide
variety of possible occupancy maps. On the other end, if all voxels in the target space are observed,
the same occupancy map will be generated every time.

We can analyze the number of available voxels for occupancy prediction as the number of unknown
voxels in the target area x,,, as a percentage of the total observed voxels in x4. Using the results
from environment 2 to evaluate this prediction, we calculate that on average 59.18% of target area
voxels are unknown when performing RC occupancy prediction. However, when performing FC
prediction this number jumps to 70.79%. This result supports the intuitive statement that there
are more available (unknown) voxels for prediction around the frontiers of the map than around
the robot. To confirm that the increase in unknown voxels widens the distribution of occupancy
prediction we generate a distribution of results by calculating the IoU of each prediction against

all other predictions made during the run. The results of this approach as provided in Figure [4.6
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Figure 4.6: Env 2 IoU Probability Mass Function (PMF). (a) IoU histogram of RC Scene-
Sense predictions. (b) IoU histogram of FC SceneSense predictions. The IoU distributions show
that RC occupancy predictions are more likely to be similar than FC predictions.

show that RC predictions are more likely to be similar, while FC predictions are more likely to be
dissimilar with very little overlap. When predictions are all similar, PMM becomes less important
for accurate predictions, since OSMM would result in a similar map each time. However PMM
is needed at range to achieve reasonable results since it can negotiate the wider distribution of

possible occupancy predictions.

Implementation Discussion. The primary challenge associated with adapting SceneSense from
simulation to real-world was the noise introduced in the lidar scans, and in particular how errant
scans impacted the Octomap ray-casting algorithm. With the current implementation of occu-
pancy inpainting, SceneSense is designed to treat observed voxels as ground truth occupancy,
propagating any vision errors to the occupancy prediction. Not only does this error propagation
keep SceneSense from predicting occupancy in desirable locations, if enough errors accumulate it
can result in inpainting that moves the occupancy prediction out of the training distribution, re-
sulting in worse predictions. These vision errors become more common as the lidar beam length
increases. We found through testing that 7m was the maximum beam length where we could

consistently generate reasonable maps.
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4.5 Conclusions

In this work we present key architectural changes to the SceneSense [I138] occupancy prediction
model to enable real time occupancy inference at any location of interest in the map. Further we
present our integration of SceneSense to a real robotic system, a method for probabilistic merging
occupancy predictions into a running occupancy map, as well as evaluations of these occupancy
predictions. Future work will explore how these predictions can be utilized to improve existing

planning and exploration architectures.



Chapter 5

Planning and Control over Predicted Maps

5.1 Introduction

Efficient and intelligent robotic exploration is fundamental to the practical deployment of robotic
systems for use in real-world scenarios. In order to intelligently explore, an autonomous agent must
have a useful representation of its surroundings and be able to localize within the environment.
Robotic agents deployed in search and rescue [I51l [12] or disaster response missions [87, 126}, [94]
rarely have a known map as a prior. This results in slower than desired exploration because the
agent can only operate over terrain in the sensor field-of-view.

Given this lack of prior information about the scene agents are constantly operating on incomplete
information. In addition to limited field-of-view for mapping, there is also sensor noise, unpre-
dictable dynamic obstacles, obstruction of key information, and visual degradation that an agent
may need to reason over to complete a given task. While human agents can filter out noise and fill
in gaps in observations by drawing on prior experiences, robots are generally limited to using direct
observations without the benefits of prior knowledge or intuition. This results in robotic agents
that only take action based on direct observations, a process that reduces efficiency of exploration
because of time consuming replanning when informative sensor updates occur.

In related fields, such as self-driving cars, researchers attempt to eliminate the mapping uncertainty
using pre-compiled high-definition (HD) maps [110]. This approach provides a good method of
localization at the global level, but there still exists uncertainty and missing information locally.

Furthermore, this approach scales poorly, as new HD maps are required for any new operating
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environment. As discussed previously there are many applications where collating an HD map
before navigation is not possible, such as in search and rescue scenarios [38] or extra-terrestrial
exploration [173].

With recent breakthroughs in generative Al, neural networks are able to generate convincing human-
like results in various modalities, such as text [168], images [145, [85], and audio [47]. We leverage
these models to enable robots to make common-sense inference of geometry that is occluded from
view. Our model enables a robotic agent to infer geometry through occupancy prediction beyond
an obstruction so that the agent can plan a trajectory beyond the field-of-view similar to the way
a human would navigate occlusions using intuition.

In this paper we use the occupancy prediction diffusion network SceneSense [138] to generate occu-
pancy information in key areas during exploration. We design a robotic system to run SceneSense
online during exploration and develop the probabilistic update rules to merge the diffusion infor-
mation with a running observed map. We show that with key modifications we use SceneSense
to generate realistic occupancy predication at any location in a map, rather than just local to the
platform. Further we show the enhanced maps that merge the predicated occupancy simply robotic
exploration, solve key perennial issues for autonomous platforms that previously required tedious

fine tuning or parameters.

5.2 Related Works

5.2.1 Scene Exploration

An autonomous agent must have a useful representation of its surroundings and be able to localize
within the environment to efficiently and intelligently explore. A proven strategy for mapping
complex environments for use with autonomous systems is 3D volumetric mapping [1} 2]. OctoMap
[77] is a popular framework for 3D mapping due to its memory efficiency and wide adoption in the
robotics community [44]. In the DARPA Subterranean (SubT) Challenge [38], Team MARBLE

[13] utilized OctoMap on a Boston Dynamics Spot robot, and finished 3rd overall.
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Other works [190], 192, 113] [64] have shown considerable success using frontier based exploration
strategies. In [57], a frontier-based approach is utilized to demonstrate the efficacy of biasing
towards unseen areas of a map for more effective mobile robot exploration. Further efficiency im-
provements to the frontier based exploration strategy are introduced in [89]. In [64], a frontier
based method is proposed for safe and efficient map-building by defining a “safe region” around
the robot, allowing it to explore and gather new information while ensuring obstacle-free naviga-
tion, although it is limited to mapping at a fixed height, making it unsuitable for more complex
environments.

In [169], a volumetric map is incrementally generated from depth sensors and a graph based planner
[44] reasons over that map to determine if the terrain is traversable for each vertex of a four-legged
robot. This graph traversal requires considerable computation time for determining the status of
voxels beneath and around the robot platform. Additionally, this method does not address the
issues with path planning if there are obstacles or geometric occlusions in the sensor field of view.
Despite the improvements in mapping and frontier based exploration strategies, Team MARBLE
[13] reported that there are still challenges with efficient exploration. During the SubT challenge,
exploring robots frequently wasted valuable time attempting to explore in previously seen areas
rather than extending their trajectories beyond their current frontiers [13]. Influxes of new in-
formation from onboard sensors that came when turning corners or exploring new rooms caused
the robots to pause for extended periods of time for re-planning, slowing the pace of exploration
considerably [I3]. The challenge outcomes demonstrated the utility of 3D volumetric mapping us-
ing frontier-based exploration for discovery, but also elucidated the need for increased efficiency in
the planning and exploration process for time critical missions. Our novel approach improves the

efficiency of exploration by reducing ambiguity that leads to long re-planning delays for the robots.

5.2.2 Occupancy Prediction

[I77] attempts to address challenges of autonomous navigation in environments with occlusions

by utilizing a deep learning-based approach to predict the occupancy distribution of portions of
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the environment. Their method, the Occupancy Prediction Network (OPNet), predicts obstacle
distributions, utilizing a self-supervised learning technique that generates training data through
simulated navigation trajectories with simulated sensor noise. This approach relies on removing
portions of the data from the Matterport3D [22] dataset to train the neural network which biases
the model to predict occupancy only for the types of occlusions removed from the original dataset.
This approach does not scale well to large unseen sections of an environment, is limited to static
updates, and does not generalize due to its reliance on a specially curated dataset.

More recently, [79] introduced SelfOcc, a self-supervised method for 3D occupancy prediction using
video sequences. SelfOcc converts 2D images into 3D representations with deformable attention
layers and uses signed distance fields (SDF) for regularization and occupancy boundary determi-
nation. Although SelfOcc performs well with surrounding cameras, it cannot predict occupancy

beyond the camera view due to the limitations of SDF in handling occluded geometry.

5.2.3 Scene Synthesis

Diffusion models [I58| [72], are a popular and promising technique which have demonstrated im-
pressive results in image [145], video [69], and natural language [78]. Based on these successes,
diffusion models are being extended to 3D scene and shape generation. Recent work [I08] demon-
strates the use of diffusion models for 3D point cloud generation for simple shapes and objects (e.g.
tables, chairs). [9I] shows successful 3D shape generation from 2D content such as images, and
[170] demonstrates similar 3D shape generation but using point cloud datasets rather than images.
In LegoNet [201], diffusion models are used to rearrange objects in a 3D scene. In DiffuScene [165],
a denoising diffusion model is used with text conditioning to generate 3D indoor scenes from sets of
unordered object attributes. Unlike these previous works which primarily focus on generating sim-
ple shapes, rearranging objects, or creating indoor scenes, our approach leverages diffusion models
to fuse generated terrain with the local robot field of view, thereby bridging the gap between 3D

scene generation and practical robotics applications.
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5.2.4 Generative Al in Robotics

The body of work devoted to applications of generative Al in robotics is steadily growing. [203]
demonstrates that hierarchical generative modeling, inspired by human motor control, can enable
autonomous robots to effectively perform complex tasks with robust performance even in challeng-
ing conditions. DALL-E-Bot [85], uses web-scale diffusion models for generating an image from
a text prompt which the robot utilizes to rearrange real objects in accordance with the image.
Diffusion models were also used in [21] to improve robot motion planning by learning priors on
trajectory distributions from previously successful plans, a methodology which shows good gener-
alization capabilities in environments with previously unseen obstacles. More recently, diffusion
models were shown to successfully generate terrain predictions behind occluded geometries in in-
door environments using a single RGB sensor mounted on a mobile robot platform [I38]. We build
on this work extending the practical applications of diffusion models by demonstrating a novel

method for occupancy prediction which shows significant efficiency gains during exploration.

5.3 Methods

5.3.1 Problem Definition

Frontier Identification and Evaluation. Let M be the current occupancy map, built via
measurements from an onboard sensor S and odometer measurements @. The map consists of
voxels m that are categorized as m € My, m € Moceupied, Or m € Mynknown, representing free,
occupied and unknown space respectively. We seek to identify and evaluate frontiers in M that can
enhance the robot’s decision making for potential exploration. In general, “interesting” frontiers
will maximize the number of unknown voxels available for occupancy prediction while considering

common exploration metrics such a directionality, distance from target, and reachability [13] [44].

Dense Occupancy prediction. Dense occupancy prediction predicts the occupancy from [0, 1]

where 0 is unoccupied and 1 is occupied for every voxel m in a target region x C M.

Exploration. During Robotic Exploration we seek to generate the complete map Mo, of a



o7

target area defined as Mygger constructed from successive sensor measurements from an onboard
sensor S and odometer measurements @. While completion and alignment of M.y, when compared
to Mlyarget is the primary goal of robotic exploration, speed of exploration and naturally by extension
volumetric gain per second are secondary goals during autonomous exploration, so long as these

goal do not compromised the safety of the system.

5.3.2 SceneSense Architecture

Denoising Network. The denoising network in our method is a modification of the network
presented [I38]. As the results of the ablation study presented in [I38] show little to no reduction
in accuracy of prediction by remove the RGBD conditioning data we design our denoising network as
an unconditional diffusion model where the only guidance will be occupancy inpainting at runtime.
Our denoising network is a U-net constructed from the HuggingFace Diffusers library of blocks

[174] and consists of Resnet [70] downsampling/upsampling blocks.

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 [77] to generate
an occupancy map as the platform explores the environment. Importantly, Octomap provides a
probability of occupancy o € [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 areas
M,, but also a map of areas that have been measured to not contain any data M,. These maps

will later be used to inform SceneSense where occupancy predictions should be made.

5.3.2.1 Training

During training, we generate a noisy local occupancy map x; where ¢ € [1,T] from a ground truth

local occupancy map x. We train the diffusion model fy to predict the noise applied to x;.

Data Augmentation. In previous SceneSense implementations, the primary area for prediction
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Figure 5.1: Reverse Diffusion Process: The reverse diffusion process takes the local occupancy
information 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 observed
occupied (green) and observed unoccupied (red) data. The result is inpainted into the noisy local
occupancy prediction. 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
at t — 1. This process is repeated as the starting noise zr is iteratively denoised to xg which is the
final geometry prediction from the framework.
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was centered around the robot. In this paradigm the SceneSense training data was collected as local
occupancy data collected around the robot. However this training approach struggles to capture
the variety of poses possible when doing occupancy predictions at the frontier. The graph based
planner where poses are selected can be much closer to structures like walls, and at a wider variety
of rotation poses. To account fo this in training we augment the training data to closer mimic that
of the graph based poses. For each pose we generate 10 noisy pose samples where we add noise
from a uniform distribution of [—1,1] in the x,y direction and [0, 27| in the rotational plane. This
modification increases the training set by 10x but yields much more constant results at inference

time when performing occupancy prediction around graph nodes.

Occupancy Corruption. To corrupt each ground truth local occupancy map x to train the
network we add Gaussian noise to x to generate x;. This corruption process is defined in eq. (3.3))
where the intensity of the noise is controlled by a3 which is configured by a linear noise scheduler

7.

Loss Function. The network fy is trained using the calculated ls loss between the denoised x;
prediction and the associated ground truth data z. [lo 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 [124] [146, 26}, [83].
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Figure 5.2: Spot robotic platform with onboard compute and sensors. Sensor suite consists of a 64

Beam OS1 lidar as well a 3 FLIR GigE Cameras.

5.3.2.2 Inference

Sampling Process The trained noise prediction network fy takes isotropic Gaussian noise N (0,7)
as the starting point x7 to begin the reverse diffusion process. The noise is iteratively removed by

using fg to compute xs_1.

Occupancy Inpainting. Our method of occupancy inpainting ensures observed space is never
overwritten with SceneSense predictions. Additionally occupancy inpainting enhances the pre-
dictions from the models seen in fig. (c). Inspired by image inpainting methods seen in image
diffusion [146] and guided image synthesis methods [I16], occupancy inpainting continuously applies
the known occupancy information to the diffusion target during inference. To perform occupancy
inpainting we select our target region = as a sub map of the full occupancy map. From x we build
a occupied map M, and unoccupied map M, composed of observed occupied voxels and observed
unoccupied voxels respectively. From M, and M, we generate noisy representations commensurate
with the current diffusion step t using Eq. M., and M,, respectively. Finally the data from

M., and M,, replaces the data in the diffusion target at the associated coordinates. This process is
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repeated for each inference step and can be seen in fig. This method both increases the fidelity
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, increasing the diversity of the generated data. As shown in
fig. [3:3] 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 (as-
suming 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.

5.3.3 Robotic System Architecture

Our robotic system is constructed as a quadruped (Spot) as shown in Figure as well as an off-
board high performance computer to handle computationally expensive requests. A block diagram

of the system is shown in Figure [4.2

Sensor Suite The equipped sensor suite was designed with the purpose of providing 3D point
cloud information and sufficient data for accurate localization. The primary sensor in the spot
sensor suite is the Ouster OS1-64 LIDAR which provides 3D point clouds for mapping and local-
ization. In addition a LORD Microstrain 3DM-GX5-15 IMU is used to measure the linear and

angular acceleration of the Ouster, for use in the localization system.

Localization. Localization is required for Spot to perform volumetric mapping. We have im-
plemented the popular LIDAR-based localization method LiO-SAM [I52] to provide localization
at run-time. To improve localization performance both the IMU and lidar sensor were fasted to
a 6061 aluminum sensor plate. This allowed for a high-precision relative transform between the

sensors, reducing the necessity on extrinsic calibration. Further LIO-SAM requires aligned sensor
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timestamps and sensor publish rates to be constant. The LORD IMU however allows for large
fluctuation in publish rate due to the USB transmission delays. TO reduce the sensitivity the IMU
timesamps are adjusted when messages are not received within 15% of the nominal rate. Addi-
tionally the lidar sensor uses PTP to synchronize with the onboard computer. These modifications

allowed for consistent localization using LIO-SAM.

Frontier Identification and Evaluation. With these modifications to the occupancy prediction
framework we can generate occupancy predictions at any point in the map. To identify interesting
areas for prediction we adopt the graph-based exploration planner GBPlanner [44]. GBPlanner
builds a graph where nodes are potential exploration points and edges are feasible paths to nav-
igate from node to node. A ray casting algorithm is run at each node in the graph to quantify
the number of observed, free, and unknown voxels in that node’s field of view. After finding the
shortest path to each node the Exploration Gain can be calculated for each node in the graph

as follows:

ml . .
ExplorationGain(o;) = e~ 18S(oioeap) Z VolumetricGain(vj-)e‘“’DD(”i’”;'), (5.1)
j=1

where S(0y, exp), D(vi, 1);) are weight function with tunable factors vs,vp > 0 respectively. Fur-

t) is the cumulative Euclidean distance from a vertex v;'- to the root v} along a

thermore D(v, v}

path ~;.
Exploration gain is used to rank nodes at which occupancy prediction should run. Given a min-
imum node spacing d,, and a maximum number of frontier prediction nodes N4, SceneSense

generates occupancy predictions at range, centered around the identified frontiers.

Mapping. The probabilistic volumetric mapping method Octomap [77] was selected as the map-
ping framework. Octomap was adopted for its log-odds update method for predicting occupied
and unoccupied cells. This approach allows for elegant fusion of observed occupancy and predicted

occupancy maps. Further discussion on map fusion is provided in Section
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5.3.4 Probabilistic Map Merging

In previous work, predicted occupancy was merged into the running occupancy map in a “fire and
forget” approach [138]. A given occupancy prediction was temporarily merged into the running
occupancy map by setting the predicted occupied cells to 1. Then, when a new occupancy predic-
tion was generated, the previous prediction would be removed from the running map and the new
prediction would be merged in the same way. While this approach is effective in some applications,
it limits the ability to accurately maintain a coherent and continuous understanding of the envi-
ronment. To address these issues, we modify the probabilistic occupancy update formula presented
for the Octomap mapping framework [77].

We define the probability that a voxel m is occupied given an occupancy prediction d; or sen-
sor reading z; as P(mld;) or P(m|z) respectively. The set of sensor estimates z1.; and diffusion
estimates dj.; populate the joint set {z1., d1..} which we denote as ji.;. As discussed in [I3§], Sce-
neSense only operates on voxels m that are not contained in the observed set O, where z1.;_1 = @,
and therefore P(m|j1.+) will never require an update given P(m/|d;) and P(m|z;) at the same time.
As such we generate the piece-wise update rule for merging diffusion into the running occupancy

map.

1=P(m|ds) 1=P(mljrs_1) P(m) 171 .
[1 + P(m\dt)t P(m‘jl:i,l)l 1—P(m):| iftme¢ QO

P(m | jit) = (5.2)

1=P(m|z) 1=P(mljie1) _Pm) 171 .
[1 + P(m\zt)t p(m|j1:;1)1 1—P(m)] iftmeO.

In this framework P(m|z;) and P(m|d;) can be configured to different values prior to runtime.
Generally P(m|d;) given a predicted occupied cell is set lower than P(m|z;) given a sensed occupied
cell, as we trust the sensor more than our generative model. By using this probabilistic approach
to map merging, the final merged map benefits from prediction persistence as the system explores

as well as increased map fidelity due to multi-prediction occupancy refinement.

Multi-Prediction Occupancy Refinement. Asshown in Figure[5.3] the occupancy predictions

generated by SceneSense can be unique even given the same conditioning information. Similar to
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image generation tasks it is desirable for SceneSense to generate various realistic results given
the same input data [I5, [145]. Given this behavior, we can collect various predictions from the
same location forming a distribution. Then we can aggregate the predictions using the probabilistic
update rule defined in Eq. and generate a map constructed from the distribution. The resulting
merged map will naturally filter out outlier occupancy predictions and result in only the most

probable voxels maintaining occupancy in the final merged map.

Observed vs. Predicted Voxels.  SceneSense uses observed data (observed occupied and
observed unoccupied) for occupancy inpainting during diffusion. In this paradigm SceneSense will
never modify observed cells, and only make occupancy prediction in unobserved space. In Eq.
if a voxel has not been observed, SceneSense will generate occupancy predictions and update the
voxel given the update rule. If that voxel is later observed, the previous P(m | ji.) is used to
calculate the probability of occupancy given P(n | z;). In practice it is often the case that the
user trusts the LIDAR sensor more than the SceneSense predictions and therefore would configure
P(m | d¢) < P(m | z). This means that when a voxel that has been previously populated by
SceneSense is directly observed P(m | j1.¢) it will more quickly be updated to reflect the occupancy
observed by sensor z;.

Furthermore this approach ensures that SceneSense will never overwrite direct observations. Ob-
served occupancy information (occupied information from LIDAR hits, and unoccupied information
calculated from ray casting) is mapped into the diffusion process at every timestep ¢ to perform
occupancy inpainting. Therefore any observations, whether those observations be occupied or un-

occupied are maintained and guaranteed to persist through the diffusion process.
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Figure 5.3: Multi-Prediction Occupancy Merging: SceneSense predicts various occupancy
maps based on equivalent input data that form a distribution. This distribution forms a curve
where more likely predictions occur more often, and less likely predictions occur infrequently. These
predictions are fused into the merged map using Eq. The resulting merged map naturally filters

out the unlikely voxel predictions, forming an extended occupancy map.

Exploration Our exploration system is the spot robot shown in figure [5.2] To identify and eval-
uate potential areas of exploration and generate paths to these target points we use the GBPlanner
[44] previously discussed for frontier identification. After GBPlanner publishes the target path for
traversal, A simple path follower is used to publish control commands to the spot system. The
existing Boston Dynamics Control API is utilized to send simple throttle or turn commands to the

spot robot.

5.4 Results

In this section we provide results and evaluations of SceneSense in the real world as well as results
and evaluation of the exploration system as a whole. In particular we are interested in measur-
ing the impact that SceneSense has on the exploration system in both select areas where sensor

measurements are occluded and general exploration.
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5.4.1 Training and Implementation

To train SceneSense we collected real-world occupancy maps from various buildings. We gathered
approximately 1 hour worth of occupancy data, resulting in 11,296 unique poses with associated
complete local occupancy maps. Any areas that were used to train the model are omitted from the
results presented here. In previous SceneSense implementations, the primary area for prediction
was centered around the robot. In this paradigm the SceneSense training data was collected as local
occupancy data collected around the robot. However this training approach struggles to capture
the variety of poses possible when doing occupancy predictions at the frontier. The graph based
planner where poses are selected can be much closer to structures like walls, and at a wider variety
of rotation poses. To account fo this in training we augment the training data to closer mimic that
of the graph based poses. For each pose we generate 10 noisy pose samples where we add noise
from a uniform distribution of [—1,1] in the x,y direction and [0, 27| in the rotational plane. This
modification increases the training set by 10x but yields much more consistent results at inference
time when performing occupancy prediction around graph nodes.

We implement the same denoising network structure presented in [I38]. It is a U-net constructed
from the HuggingFace Diffusers library of blocks [174] and consists of Resnet [70] downsam-
pling /upsampling blocks. The diffusion model is trained using randomly shuffled pairs of ground
truth local occupancy maps z. We use Chameleon cloud computing resources [88] to train our
model on one A100 with a batch size of 32 for 250 epochs or 88,208 training steps. We use a
cosine learning rate scheduler with a 500 step warm up from 1076 to 10~%. The noise scheduler for
diffusion is set to 1,000 noise steps.

At inference time we evaluate our dataset using an RTX 4070 TI Super GPU for acceleration. The

number of diffusion steps is configured to 30 steps.
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5.4.2 Solved Robotic Exploration Tasks

Robotic systems often exhibit poor or unpredictable performance in edge cases, particularly when
encountering rare or unforeseen scenarios. Many edge cases in robotics are known, and need special
error handling processes to circumvent errors when in these configurations. With the addition of
SceneSense to our robotic framework we alleviate the need for special error handling for some
common edge cases seen during deployment. In particular, the common sense occupancy filling
alleviates cases where robotic systems cannot generate plans over ares in which they cannot directly
observe although it would be common sense that a traversable path exists. We provide two examples
of configurations where planning failed without the probabilistic map merging and one example

where traditional terrain filling methods would fail where SceneSense does not.

5.4.2.1 Start Up

The first configuration where the robotic planner fails in during start up. Given the mounting

—= g

(a) (b)

Figure 5.4: At startup the robot cannot observe the ground directly under it due to the
mounting location of the lidar. SceneSense generates occupancy predictions (Red Voxels)
that fill in the hole under the robot as well as some of the vertical occluded geometry. With the
additional predictions a plan can now be generated and navigation can start.

point of the lidar and height of the robot, there are several meters around the platform that cannot
be observed directly by the lidar. At startup this results in a large hole around the platform, which

the planner sees as untraversable terrain and therefore is unable to form a plan for traversable as
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shown in figure [5.4] Traditionally this problem could be addressed with algorithmic hole filling
methods but these methods are brittle as they can fail in unexpected ways when traversing new
environments, and require online tuning for fill size. Further these method require specific handling
of the “start” configuration requiring additions to the robot exploration method. In addition
algorithmic filling methods it can be common to add additional depth sensors intended to point
directly at what the robot is walking on. However this approach requires the purchase of additional
sensor which can be prohibitively expensive, and would require additional ongoing calibration
between the sensor to ensure alignment of measurements. Alternatively, SceneSense is able to fill

the hole at startup and immediately begin planning, without special configuration handling.

(a) Subfigure Caption 1 (b) Subfigure Caption 2

Figure 5.5: During traversal, the robot fails to observe the ground directly to its right which
will result in the inability to plan down the hallway for exploration SceneSense generates
occupancy predictions (Red Voxels) that fill in the hole to the right of robot as well as some of the
vertical occluded geometry. With the additional predictions a plan can now be generated and the
robot can continue navigation down the hallway.

5.4.2.2 Narrow Hallways and Corners

During Traversal, perception systems can miss measurements of necessary information to
continue exploration. In our case, due the the high mounting point of our lidar sensor, traversal
of narrow hallways can lead to missing ground measurements necessary to continue exploration as
shown in figure In some sampling based planners for ground systems, it is not allowed to

sample points above open space, and therefore the robot will never traverse down the hallway to
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continue exploration. SceneSense provides realistic filling in this scenario and allows the planner

to continue exploration down the hallway.

In this scenario we can directly measure the impact that SceneSense has on robot navigation.

We provide 2 experiments to evaluate the SceneSense occupancy enhancements when traversing

narrow corners. First we run 10 corner traversals in the same location to evaluate consonant of the

enhancements. Second, We select 10 different narrow hallway scenarios to evaluate the SceneSense

predictions in different environments and generalization abilities. In both scenarios we set a start

and end point during the hallway exploration and set the robot to explore. We evaluate the following

systems for comparison.

(1)

User Operation Ground Truth: The system is teleoperated by the user to generate a

ground truth result for human-like exploration.
GBPlanner [44]: baseline GBPlanner is used to explore the narrow hallway environments.

GBPlanner + Local SceneSense : baseline GBPlanner is used to explore the narrow
hallway environments. SceneSense predictions are merged with the running occupancy map
as the system explores. SceneSense only makes local occupancy predictions (Predictions

centered around the robot).

GBPlanner + Frontier SceneSense : baseline Planner is used to explore the narrow
hallway environments. SceneSense predictions are merged with the running occupancy map
as the system explores. SceneSense makes predictions at range for 1 target point in the

graph with the highest exploration gain.



Figure 5.6: Test Environment: The test environment used to produce Table Figure [5.6a]

show the starting position of the robot (top) and the goal pose of the robot (bottom). is

the complete occupancy map representation with the start and finish line shown in yellow and red

respectively.

Table 5.1: Single hallway traversal results averaged over 8 runs per configuration. All time mea-

surements are in seconds and distance measurements are in meters

Exp. Min Max Oexp Failures
Time Time Time
Human Operator | 9.35 9.00 9.70 0.34 0
GBPlanner [44] | 25.98 18.33 33.77 5.18 1
GBPlanner + Local SS | 23.77 18.48 29.27 3.81 0
GBPlanner + Frontier SS | 21.10 16.35 28.17  3.53 0

Discussion: As shown in Table enhancing the mapping method with local SceneSense results

in the best autonomous performance of the system. The performance of GBPlanner + Local SS is
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Figure 5.7: Example traversal of GBPlanner + Frontier SS. AT startup local diffusion is run
to allow for planning from startup. One a graph is constructed and a path is planned the robots
begins both traversing the path and making predictions of the frontier occupancy. Upon reaching
its destination the graph is extended based on the observed and predicted occupancy and the robot
continues exploration.

not only the lowest mean exploration time and path length, but also has a lower variance than the
other methods.Further we see that that the frontier centric predictions of SceneSense can produce
the fastest single shot exploration, however due to the noise of the diffusion process, also produces
the highest variance of results. In general we see that when obstructing obstacles are predicted by
frontier predictions it takes a few observations to negotiate the predicted obstacles out of the map,

which can result in unpredictable behavior.

5.4.2.3 SceneSense Robustness

While promising, the results presented in Sections [5.4.2.1] and [5.4.2.2] could be solved with simple

brute force solution such as removing the ground checking from the graph sampler. To further
differentiate SceneSense’s from potential brute force solutions we identify adversarial scenarios
where areas of the map are not traversable. One such scenario is shown in figure 5.8 where the
robot traverses near a glass railing unobservable to the Lidar. While a naive unconstrained sampling
approach could sample points and paths above the empty space, SceneSense is able to differentiate

this space from other potential ground areas and not predict ground over the edge.



(a) (b) (c)

Figure 5.8: |5.8a; The robot position during exploration near a glass railing, an adversarial scenario

for planner that do not take into account traversablity of ground. The running occupancy
map shows that the ground suddenly ends to the right of the robot, where the railing is protecting
navigating off the edge. Samplers that do not check traversablity of space that could have solved
the scenarios in Figures [5.§ and [5.4] would sample and allow for paths constructed in open space.
the red voxels are the predictions generated from SceneSense, showing that while the model
will fill unobserved ground in relevant scenarios, it will be able to negation potential adversarial

situations such as this glass railing

5.4.3 Full Robot Exploration

In this section we explore the end effects of SceneSense when applied to a robotic exploration
platform. For these experiments SceneSense is considered a “drop-in” methods and does not require

custom planning or mapping frameworks.

Experimental Setup.
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Figure 5.9: Birds-eye-view of test environment 1: This is the generated occupancy grid after
a full environment exploration. The shade of green of the voxel is mapped to the z-axis of the given

voxel, getting lighter as the height increases.
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Figure 5.10: Birds-eye-view of test environment 2: This is the generated occupancy grid after

a full environment exploration. The shade of green of the voxel is mapped to the z-axis of the given

voxel, getting lighter as the height increases.

To evaluate the exploration speed of the system we deployed the platform in in a test environments

shown in Figure [5.9and The robot is started once at each position indicated by the black

boxes in the associated figures (5 position in environment 1, 4 positions in environment 2). One

run per starting position is then run per configuration and the results are averaged to generate

Figures [5.12| and The same testing configurations are used that were used in Section [5.4.2.2] The

results of this testing is shown in Figures [5.12] and and Tables

Table 5.2: Exploration Results: Results from exploration of the environment shown in Figure
All results are calculated to 95 % of the environment being explored.

Exp. min Max Texp Avg. %
Time Exp. Exp.
Time time
Human Operator | 64.03 36.75 75.05 8.717 1.327
GBPlanner [44] | 152.27 57.75 148.45 13.027 0.529
GBPlanner + Local SS | 151.83 91.65 141.99 9.629 0.565
GBPlanner + Frontier SS | N.A. N.A. N.A. 7.86 N.A.
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Table 5.3: Exploration Results: Results from exploration of the environment shown in Figure
All results are calculated to 95 % of the environment being explored.

Exp. Min Max Texp Avg. %
Time Exp. Exp.
Time Time
Human Operator | 55.762 40.950 62.55 10.445 1.516
GBPlanner [44] | 106.458 69.679 117.552 5.394 0.624
GBPlanner + Local SS | 81.676 74.35 91.05 5.685 0.866
GBPlanner + Frontier SS | N.A. N.A. N.A. 6.993 N.A.
Discussion. In both testing environments, The SceneSense enhanced map out performs the

vision only map in average exploration time, max exploration time, and average exploration % gain
per second. Interestingly the minimum exploration time is faster when operating over the vision
only map in both cases. Notability, frontier-centric SceneSense fails to complete the exploration of
the space. While the initial rates of exploration with frontier-centric SceneSense are promising, the
planning stacks inablitity to disambiguate predicted space and observed space leads to the planner

believe the space is fully observed before exploration is actually complete.
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Figure 5.11: Exploration Percentage over Time env. 1: Given 5 total runs per configuration,
the robot is started once at each of the starting positions shown in Figure The average
exploration % is shown for each configuration, where the shaded region is the standard deviation
across the 5 runs at that timestep. Additionally linear approximations are shown to capture the

average exploration rate to achieve 95% exploration of the testing environment.

The minimum time in environment 1 is attributed to the vision only GBPlanner implementation
navigating straight down the hallway from the when starting from the dead-end instead of turning
right at the first junction as shown in Figure With the more complete ground representation,
the SceneSense enhanced GBPlanner navigates down the larger hallway to the right first, increasing
its overall completion time. Without this outlier existing in the environment 2 data collection, the
exploration rate of the SceneSense enhanced planner is increased by 32%.

It is our hypothesis that the substantial exploration rate gains are actually attributed to the startup
filling. As shown in Figure the startup filling has a lingering effect on the map even after

some initial exploration. It is likely the exploration gain in these areas is still significant, resulting
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in some planning to want to double back to explore the starting position. Further, the existence of
holes in the map can result in unintuitive planning results. As shown in Figure a hole in the
map leads to a path with a loop back around the hole, configuring the robot in a poor position to
continue exploration. By filling these holes during occupancy prediction the planner has a cleaner
space to generate potential exploration samples, as well as a reduction in overall explorable space

in areas that have already been traversed.

Average Percentage of Area Explored Over Time

—— Tele-Op
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100 4 GBPlanner-BL
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Figure 5.12: Exploration Percentage over Time env.2: Given 5 total runs per configuration,
the robot is started once at each of the starting positions shown in Figure [5.90 The average
exploration % is shown for each configuration, where the shaded region is the standard deviation
across the 5 runs at that timestep. Additionally linear approximations are shown to capture the

average exploration rate to achieve 95% exploration of the testing environment.



Figure 5.13: Vision vs SceneSense at Startup: Maps and plans generated from the SceneSense
enhanced map where the vision only map is shown in (a). The current planning graph is also shown
in this image as the purple and red graph structures. (a) vision only map after some traversal where
large hole occurs in map around the robots starting position. Due to the occlusions from the narrow
hallway the robot is traversing the hole is not filled. (b) Map where local SceneSense has been
running over the same vision only map in (a). Holes are filled and the robot can plan over the
starting space.

Figure 5.14: Unintuitive Planning. As the robot is traversing the classroom environment a hole
in the map leads to a loop back path. The robot odometry is shown in read and the planned path
is shown in green. Due to the hole in the map the robot plan will configure the robot in a poor
position continue exploration.
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5.5 Conclusions

In this work we have presented a generative occupancy prediction tool, SceneSense, and imple-
mented the model onboard a real world platform to show the increased effectiveness of a exploration
with local Occupancy prediction enabled. While occupancy prediction at range is promising, and
has shown the best results in some testing, planners must be developed that can negotiate predicted
and observed space in real time to take advantage of occupancy prediction at range. However lo-
cal occupancy prediction has been shown to both increase the rate of exploration as well as the

consistency of exploration.



Chapter 6

Future Work and Conclusions

6.1 Future Work

This work has created a interesting area of research in generative occupancy mapping. SceneSense
operates on the assumption the observed occupancy information is to be trusted, and can not
modify observed data with the presented occupancy inpainting approach. While this approach
provides the convenient guarantee of visual occupancy predictions being enforced, our sensors are
known to fail in various scenarios, such as areas of high reflectivity, semi-transparent objects, or
in cases of visual degradation [IT1, ©3]. Recent works have used diffusion models for a means of
removing corruption introduced in these lidar scans [I12]. SceneSense could implement similar
methods and in addition to filling and extending scenes, it could remove corruption and noise from
running occupancy maps in the same way. Further similar to recent works in on the effectiveness
of foundation models [16], SceneSense could be retrained on a broader set of data as a foundation
model. This would not only enable further research quickly in other domains but also would like
produce better results than our domain specific models.

While SceneSense has been shown to work with an off-the-shelf planner the planner is completely
agnostic of whether terrain is observed or predicted. This lack of information could limit the
full effectiveness of these methods in more aggressive driving scenarios. More research is needed to
develop planners that are conscious of observed space and predicted space, and can make intelligent

decision based on it.
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6.2 Conclusion

Throughout the course of this work we have developed and evaluated the generative occupancy
mapping model SceneSense. With these evaluations we have substantiated that SceneSense pre-
dictions better represent a fully explored ground truth map than the running occupancy map.
Further we have shown that these prediction can be merged into the running maps that are used
for exploration planning, and enhance the systems planning and control in particular scenarios.
While enhancing our control in targeted scenario, the SceneSense local predictions also have shown
to increase the exploration rate and consistency during larger scale exploration test. These results
support the robustness of local SceneSense as a “drop-in” planning improvement when integrated
with existing planners.

After approaching generative occupancy mapping with modifications to similar models in chapter
(2] we adopt diffusion models for occupancy prediction for their realistic generative results shown in
the image space. After proving that our model, SceneSense, does enhance the local representation
of occupancy maps during robot exploration in chapter [3] we present key modifications to allow for
onboard operation at 2Hz on our spot robot in chapter [ Additionally we present a probabilistic
map update method to allow for merging of the predicted occupancy map with the observed map
while maintaining the coherency of the overall map. We adopt existing graph-based as a means
for identifying and evaluating frontier in the map, which are then used to produce occupancy
predictions at range. These predictions are show to have a higher variance in prediction, as the
space around the predictions are much more uncertain. These high variance predictions are shown
to be successfully negotiated and merged into the running occupancy map using the probabilistic
update method. Finally in chapter [5| we perform experiments during robot exploration to evaluate
SceneSense’s contribution to exploration.

SceneSense solves scenarios where lack of direct observation for map construction interferes with
sampling based planners methods for generating reasonable plans. However, a key limitation of this

work is the integration of frontier-centric occupancy prediction with existing exploration planners.
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We show that while in some scenarios the frontier predictions can be a “drop-in” addition to
existing planners, the frontier predictions can de-incentivize exploration in regions of the map where
occupancy predictions have been made. These frontier prediction should be differentiated from from
the running observed occupancy map to ensure that the planner does not assume exploration has
occurred given a frontier predictions.
The work presented in this work validates the thesis statement:

By generating unseen geometry from partial observation we can enhance au-

tonomous system’s ability to navigate in unknown environments, while maintaining
high reliability.
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