Semantic-Aware Robotic Mapping in Unknown, Loosely
Structured Environments

by

Lu Gan

A dissertation submitted in partial fulfillment
of the requirements for the degree of
Doctor of Philosophy
(Robotics)
in the University of Michigan
2022

Doctoral Committee:

Professor Ryan M. Eustice, Co-Chair
Assistant Professor Maani Ghaffari, Co-Chair
Professor Jessy W. Grizzle, Co-Chair
Professor Odest Chadwicke Jenkins

Assistant Professor Katherine A. Skinner



Front Camera




Lu Gan
ganlu@umich.edu

ORCID iD: 0000-0003-0911-8032

© Lu Gan 2022



ACKNOWLEDGMENTS

“The doctoral tam is Aladdin’s lamp which gives you anything you want.” I still remem-
ber my mother saying this to me when I was little. At that time, I imagined the doctoral
tam as a deep round bowl, and it would be filled with candies and toys whenever I asked. I
can’t help smiling when I think about this, as I realize how silly we were.

But still, I am getting the long-awaited “Aladdin’s lamp” now. It has been quite a
journey to stand here, full of loss and gain, joy and pain, hills and valleys. There have been
too many things that I regret, but I am glad I have done this one thing right, and made it all
worthwhile. I certainly would never have made it this far if not for so many people.

First of all, I am deeply grateful to my advisors, Prof. Ryan Eustice, Prof. Jessy Grizzle
and Prof. Maani Ghaffari. Ryan, I would never forget the day when I received the Ph.D.
offer with you being my advisor. I couldn’t imagine how much confidence and expectation
you were giving to me by giving chance to someone you had never met. My luck extended
to my second year here when I had Jessy and Maani, and since then you have been giving
me all of your guidance, support and encouragement. Jessy, I am surprised at and highly
appreciate how much care you are giving to your students. You have more than 20000
citations but are as approachable as a friend. I still remember the assignment you gave to
me when I had a low spirit is going out for a walk and sending you photos of the scene.
Thank you for all of your support, your encouragement, and your unreasonably consistent
compliments. I don’t know the correct way to interpret them, but they worked for me. |
would like to thank Maani for being my friend, advisor and role model. You might not even
remember how much you have helped me over the past five years. I sincerely hope one day
I could be the one like you for my students.

Next, I would like to thank my committee, Prof. Odest Chadwicke Jenkins and Prof.
Katherine Skinner for valuable feedback and discussion on the current research and future
directions. And Denise Edmund, thank you for always being so kind, helpful and patient. I
am thankful to the early members of PeRL and Biped Robotics Lab, Jie Li, Arash Ushani,
Josh Mangelson, Steven Parkison, Derrick Dominic, Ross Hartley, and Zhenyu Gan. Start-
ing a new journey abroad was difficult, but you have made me feel welcome and helped me
get through the transition. You are also so talented that I wish I were in a better situation

to learn more from you. I would also like to acknowledge Cassie’s perception team mem-

i



bers, Bruce Huang, Yukai Gong, and Ray Zhang. Together we spent countless hours on the
Wave Field over 100°F getting Cassie to walk autonomously in a semantic map, providing
one of the most important results presented in this thesis. The research will be outdated,
the technology will be updated, but our memory of working together on a project like this
will remain forever. Additionally, I would like to thank all the lab members, Omar Harib,
Eva Mungai, Grant Gibson, Oluwami Dosunmu-Ogunbi, Minghan Zhu, Tribhi Kathuria,
Cynthia Lin, Justin Lin, Sangli Teng, Bo Fu, Joseph Wilson, Aishwarya Unnikrishnan and
Jingwei Song. More or less, we have spent time together working hard and having fun. I
hope the friendship will live on. And Jinsun Liu, thanks for playing games together during
a tough time.

Last but not least, I want to express my great appreciation to my parents. It is your love
that motivates me to go this far and to keep going. Thank you for the education you have
given to me. My mother always said, penny wise and pound foolish. On the other hand, if
you are willing to take a loss, sometimes you might gain more than what you expected. I
deeply believe this is the reason I have been helped by so many people in my life. Thank
you for letting me know that there is something more important, even than the “Aladdin’s

lamp”. That is being a good person.

1l



TABLE OF CONTENTS

ACKNOWLEDGMENTS . . . . . . .. .
LIST OF FIGURES . . . . . . . . . .
LISTOF TABLES . . . . . . . . .

ABSTRACT . . . . . . e
CHAPTER

1 Introduction . . . . . . . . .. L,

1.1 Motivation . . . . . . . . v v e e e e e e
1.2 Contributions . . . . . . . . . o e e e
1.3 Outline . . . . . . . e,

2 Gaussian Processes Semantic Map Representation . . . . . . . ... ... ...

2.1 Introduction . . . . . . . . .. ...
2.2 RelatedWork . . ... ... .. . ... ..
2.3 Problem Statement and Preliminaries . . . . . . . ... ... ... ....
2.3.1 Gaussian Processes Regression . . . ... ... .........
2.3.2 Gaussian Processes Classification . . . .. ... .........
2.3.3 Model Selection . . . .. .. ... ... ...
2.3.4 Large-scaleInference . . . . . . ... ... ... .
2.4 Gaussian Processes SemanticMap . . . . . . ... ... ... ...,
2.5 SemanticOctoMap . . . . . . . . . . e
2.6 Computational Complexity Analysis . . . . . .. .. ... ... .....
2.7 Resultsand Discussion . . . . . . .. ... .. .. ... ...
2.7.1 Experimental Setup and Evaluation Criterion . . . . . . . .. ..
2.7.2 Sparse and Missing Measurements Effects . . . . .. ... ...
2.7.3 Mapping under Noisy and Misclassified Labels . . . . . . .. ..
2.7.4 Discussion and Limitations . . . . . .. . ... ... ... ....
2.8 Conclusion and Possible Extensions . . . . . . .. ... ... ......

3 Compressed 3D Semantic Map Inference via Relevance Vector Machines . . .

3.1 Introduction . . . . . . . . . . . e
3.2 Related Work . . . . . . . . . e
3.2.1 2D Segmentation Methods . . . . . . ... ... ... ......

v



3.2.2 3D Raw Point Cloud Segmentation Methods . . . . . . ... ..
3.2.3 3D Voxel-based Semantic Map Fusion . . . . . . ... ... ...
3.2.4 Semantic Mapping Refinement . . . . . . .. .. ... ... ...
3.3 Problem Statement . . . . . . .. ... Lo L
3.4 Compressed 3D Semantic Mapping Pipeline . . . . . ... ... .....
3.5 Resultsand Discussion . . . . . .. ... ... ... ... ...,
3.5.1 Evaluation Metrics . . . . . . ... ... ... .. ..
35.2 KITTIDataset . . . . ... ... ... . ...
353 NCLTDataset . . . . .. . ...ttt
3.6 Conclusion and Future Work . . . . .. ... ... ... .........

4 Bayesian Spatial Kernel Smoothing for Scalable Dense Semantic Mapping . .

4.1 Introduction . . . . . . . . . . . . . e
42 Related Work . . . .. . .. . .. .. ...
4.3 Preliminaries and Semantic Counting Sensor Model . . . . . . . ... ..
4.4 Continuous Semantic Mapping via Bayesian Kernel Inference . . . . . .
4.5 Experimental Results . . . . . ... ... ... ... ... .......
45.1 KITTIDataset . . . ... .. ... . ... ... ...
4.5.2 SemanticKITTI Dataset . . . . ... ... ... .........
4.5.3 Occupancy Evaluation . . . . ... ... .............
4.5.4 TImpactof Parameters . . . . . . . . . ... ... ... ......
4.5.5 Experimental Results on a Cassie Bipedal Robot . . . . . . . ..
4.6 Discussions and Limitations . . . . . . .. ... ... ... .......
47 Conclusion . . . . . . . . . . e

5 Multi-Task Learning for Scalable and Dense Multi-Layer Bayesian Map In-
ference . . . . . . ..

5.1 Introduction . . . . . . .. ... L e
5.2 Related Work . . . . . . ... L
5.2.1 Multi-Layer Robotic Mapping . . . . . .. .. ... ... ....
5.2.2 Self-Supervised Learning for Traversability Estimation . . . . . .
5.2.3 Deep Multi-Task Learning . . . . . . ... ... ... ......

5.3 A Unified Segmentation Model for Multi-Layer Mapping via Multi-Task
Learning . . . . . . . . . .. e
5.3.1 Multi-Task Network with Attention Mechanisms . . . . . . . ..
5.3.2 MTL for Semantic and Traversability Segmentation . . . . . . .
5.3.3 Self-Supervised Traversability Labeling . . . . . ... ... ...
5.4 Multi-Layer Bayesian Map Inference . . . . . . .. .. .. ... .....
5.4.1 Continuous Semantic Mapping . . . . . . . . . ... ... ....
5.4.2 Semantic-Traversability Mapping . . . . . . . .. .. ... ...
5.5 Experimental Evaluation . . . . ... .. ... ... ... ... .. ...
5.5.1 Implementation Details . . . . . . . ... ... ... .......
552 AblationStudy . . . . ... oo
553 KITTIDataset . . . ... ... ... ... ... . ......
5.5.4 TartanAirDataset . . . . . . . ... ... .. ... ...



5.5.5 CassieRobotData . . . . . ... . .. ... ... .. ... ... 86

5.6 Discussion on Multi-Task Multi-Layer Mapping Framework . . . . . . . 87
5.6.1 ExtensionstoMore Layers . . . . .. ... ... ... ...... 88
5.6.2 Limitations . . . . . . ... 89
5.6.3 Reproducibility . . . . .. ... L 89
5.7 Conclusion . . . . . . .. 90
6 Energy-based Legged Robots Terrain Traversability Modeling Using Deep
Inverse Reinforcement Learning . . . . . . . .. ... ... .. ......... 91
6.1 Introduction . . . . . . . ... ... 91
6.2 Related Work . . . . . . .. .. ... 94
6.2.1 Terrain Traversability Modeling for Legged Robots . . . . . . .. 94
6.2.2 IRL for Traversability Cost Learning . . . . . .. ... ... .. 94
6.3 Methodology . . . . . . . . . . ... 95
6.3.1 Problem Statement . . . . . ... ... ... L. 95
6.3.2 Maximum Entropy DeepIRL . . . . ... ... ... ...... 96
6.3.3 Learning Inertial Features: Network Architecture . . . . . . . .. 96
6.3.4 Trajectory-ranked MEDIRL . . . . . ... ... ... ... ... 98
6.3.5 Locomotion Energy Ranked Reward Extrapolation . . . . . . .. 100
6.4 Experiments . . . . . . . . . . .. e e 100
6.4.1 Legged Robot Walking Dataset . . . .. ... ... ....... 100
6.4.2 Inertial Feature Learning Evaluation . . . . . ... ... .. ... 102
6.4.3 Energy-based Reward Extrapolating Evaluation . . . . . . . . .. 105
6.5 Conclusion . . . . . . . . .. 107
7 Future Research Directions . . . . . . . . ... ... ... ... ... .... 108
BIBLIOGRAPHY . . . . . . . 110

vi



2.1

22

2.3

24

2.5

LIST OF FIGURES

The figure shows examples of the GPSM (bottom right) and SOM (bottom left)
using NYU Depth V2 dataset. The point cloud with ground truth semantic la-
bels is shown in the top right. The maps are built by uniformly down-sampling
the original point cloud to one-third. The GP map can infer the missing labels
and deal with sparse measurements. The query points are the same as original
pointsin the topright. . . . . . . . . ... L Lo
A two-dimensional toy example of GP multi-class classification using the syn-
thetic dataset shown in the right plot. The prediction is continuous, and the
class probabilities can be queries at any point in the plane as shown in the left
plot. Furthermore, the contour curves can be seen as decision boundaries. The
plots show the log probabilities. . . . . . . .. ... ... ... ... ...
Semantic OctoMap built using the Stanford 2D-3D-Semantics Dataset [1],
area 1, conference room 1. The semantic label observations are from the
ground truth data. From the figure, the effect of discretization of the map
and independent voxels inference are evident in the structural shape of the
ENVITONMENL. . . . . . . . vttt e e e e e e e e
The figure shows GPSM and SOM results using sparse labeled point clouds.
From left, each column respectively shows the RGB image, the point cloud
with ground truth semantic labels before downsampling, the SOM, and the
GPSM. The maps are built by uniformly down-sampling the original point
cloud to one-third. The GP map can infer the missing labels and deal with
sparse measurements through leaning the correlation between observations.
For GPSM, the query points are the same as original points in the second

The results of mapping under noisy and misclassified labels. From left, each
column respectively shows the RGB image, the image segmentation using
SegNet, the SOM, and the GPSM results. The false positives in the image
segmentation are directly transferred into the SOM results, while the GPSM
uses the spatial distance between points to infer the class labels based on cor-
relations between map points. . . . . . ... ... Lo e

Vil



3.1

32

33

34

3.5

4.1

4.2

4.3

4.4

The semantic mapping and fusion pipeline of RVSM, and a comparison with
the baseline [2]. Although the proposed system shares similar properties of
the baseline such as final voxel map representation and Bayesian updates per
semantic class, it consists of extra sparse model building step which allows for
map compression and continuous queries at any desired locations. . . . . . . .
Example of KITTI Sequence 15 after projecting the occupied voxels from the
semantically fused grid map to the camera image plane: From the top down
are RGB image, prior result, CRF [2] result and RVSM result, respectively.
RVSM is able to capture the traffic sign in the left image, and the pole in the
rightimage. . . . . . . . . . . . . e e e
Query for different resolution. From (a) to (d): map resolution changes from
0.1mto04m. . . . .. o e
mloU at different resolutions for Prior, CRF, and RVSM. RVSM’s only does
one query on the prior points’ spatial coordinates and generates the map for
all the resolutions. Here the resolution means the size of the voxel. When
the resolution decreases, more points (possibly with different labels) fall into
one voxel, resulting in a lower mloU value. The larger the voxels are, the
more loss of information comes from CRF’s discretization. On the contrary,
RVSM performs compression before voxel map fusion, which preserves local
semantic consistency better as opposed to post-processing. . . . . . . . . . ..
RVSM semantic map fusion on NCLT subsequence 2012-04-29. Left: The
satellite view of the path from Google Earth. Right: Semantic OctoMap fusion
result after querying from RVSM. . . . . .. ... ... L.

Qualitative results on KITTI odometry sequence 05 dataset [3]. From top to
bottom the figures show the 2D ground truth image, 3D semantic map, and
VAANCe MAP. « « v« v v v v e e e e e e e e e e e e e e e e e e e e
3D toy example on a simulated dataset. (a) Environment model in Gazebo.
(d) Annotated point cloud raw data. (b), (e) Semantic and variance map of
S-CSM. (c), (f) Semantic and variance map of S-BKI. Variance maps of two
models (shown using the jet colormap) provide useful information for robotic
navigation and exploration [4]. We found that Bayesian kernel inference de-
creases the variance of the wall by considering neighboring measurements.
There are some artifacts, however, on the periphery of the wall where the vari-
ance isrelatively high. . . . . .. ... o o oo
Qualitative results on KITTI odometry sequence 05 dataset [3]. From (a) to
(d) the figures show 2D projected images from Yang et al. [2], BGKOctoMap-
CREF, S-CSM and S-BKI, respectively. The projected image from Yang’s se-
mantic map contains more gaps than other maps, compared with the ground
truth image where the road, buildings, and vegetation are continuous and
dense, while the projected image of S-BKI has the least holes in those re-
gions, which resembles the ground truth better. BGKOctoMap-CRF outper-
forms Yang’s method, in spite of the misclassification of the sidewalk to road. .
S-BKI map of a conference room in Area 3 of Stanford 2D-3D-Semantics
Dataset [1]. . . . . . . . . . e

viil

26

39

51

54



4.5

4.6

5.1

5.2

53

54

Impact of parameters on mapping performance for KITTI dataset sequence
15 [5] (stereo camera) and SemanticKITTI dataset sequence 04 [6] (LiDAR).
Only one parameter at a time is varied while the others are kept at the values in
Table 4.1. Both figures show reasonable robustness to the parameter variations.
Top Left: Cassie Blue has a custom designed torso on which is mounted an In-
tel RealSense depth camera capable of providing both RGB images and corre-
sponding organized point clouds in outdoor environments. Top right: Google
satellite map of the Wave Field of the University of Michigan - North Cam-
pus. Bottom: From left to right are the 3D and 2D views of S-BKI map.
While the robot is navigating along the sidewalk, S-CSM produces discontin-
uous semantic maps from sparse sensor measurements, which may cause the
robot’s planner to regard the gaps in the map as unwalkable areas, a practical
problem when we conduct autonomous walking experiments with Cassie Blue
(a video of the experiment is available at https://youtu.be/uFyT8zCgl1Kk). S-
BKI model produces a continuous and smooth map, where gaps are assigned
with labels inferred from local correlations inthe map. . . . . . .. .. .. ..

Overview of our proposed multi-task multi-layer Bayesian mapping frame-
work. We first employ exteroceptive sensor data and robot trajectory to gener-
ate training data for map attributes other than semantics (traversability specif-
ically) in a self-supervised manner. We then train a unified segmentation deep
neural network for monocular image via multi-task learning (MTL) using
available data. Predictions of the MTL network are processed in our multi-
layer Bayesian inference sequentially and efficiently. Inter-layer correlations
are also leveraged to improve the map posterior. Our framework is designed
to be easily extended to include additional layers. . . . . . . .. .. ... ...
Space decomposition of self-supervised traversability learning methodologies
according to the type of supervisory signals employed, namely, proprioceptive,
geometry-based and semantic-based approaches, the latter two comprising the
domain of exteroceptive approaches. . . . . . . .. ... oL oL
Network architecture of each task using an illustrative backbone. Task-specific
parameters consist of Residual Adapter (RA) and Squeeze-and-Excitation (SE)
modules in residual blocks of the shared encoder and the entire decoder. This
architecture can be built upon any feed-forward neural network with residual
blocks and trained end-to-end. . . . . . .. ... oo oL
Detailed visualization of our MTL network based on DeepLabv3+ architec-
ture with WideResNet38 backbone. Semantic segmentation task (purple) and
traversability segmentation task (blue) have their own set of attention modules
attached to the shared encoder (orange), and their own decoders. All task-
specific modules have the same design except the last convolutional layer (the
number of output channels depends on the number of classes in that task),
although their weights are individually learned. . . . . . . .. ... ... ...

1X

55

56

71


https://youtu.be/uFyT8zCg1Kk

5.5

5.6

5.7

5.8

59

5.10

5.11

Our self-supervised traversability labeling pipeline in which exteroceptive sen-
sor data is used as supervisory signals. The upper part concerns geometry;
An elevation map is built using point cloud data captured by a depth sensor
(LiDAR, depth camera or stereo camera) and the sensor trajectories. A 2D
traversability map is then estimated from the elevation map and projected into
images. The lower part considers semantics; We use the predicted seman-
tic labels to filter out the noises in projected traversability images. Combining
both geometry-based and semantic-based self-supervised approaches, the final

traversability ground truth images can be generated automatically and accurately. 72

3D qualitative results of our multi-layer Bayesian mapping algorithm on KITTI

dataset. (a)-(c) are the semantic layer, traversability layer and semantic-traversability

layer, respectively. (d)-(f) are the corresponding uncertainty maps showing
variance value of each voxel using Jet colormap. We can see the improved es-
timation in (c¢) compared with (b), and reduced variance in (f) compared with
(e) by leveraging semantic layer in traversability inference. Relatively high
variance values are also observed for the voxels with estimation error. . . . . .
2D quantitative results of our multi-layer Bayesian mapping algorithm on
KITTTI dataset. (a) Input color images. (b) Projected images from traversabil-
ity mapping. (c) Projected images from semantic-traversability mapping. (d)
Traversability ground truth images generated automatically by the method de-
scribed in Section 5.3.3. We can see the improved estimation in (¢) compared
with (b) based on the ground truth (d). . . . . . .. .. ... ... ... ..
Qualitative results of our multi-task learning (MTL) model compared with
single-task learning (STL) network on TartanAir dataset. (a) Input color im-
ages. (b)-(d) are STL, MTL and ground truth semantic segmentation, respec-
tively. (e)-(g) are STL, MTL and ground truth traversability segmentation, re-
spectively. Note that (g) are automatically generated by the method described
in 5.3.3. We can see that (c) and (f) have better segmentation performance
compared with (b) and (e). The improvement on both tasks obtained for the
same input image also shows the correlation between these tasks. . . . . . ..
Qualitative results of our multi-layer Bayesian mapping algorithm on Tar-
tanAir dataset. (a)-(c) are the semantic layer, traversability layer and semantic-
traversability layer, respectively. (d)-(f) are the corresponding uncertainty
maps showing the variance value of each voxel using Jet colormap. . . . . . .
The Cassie Blue robot platform equipped with a depth camera and LiDAR
sensor. We use the LiDAR point clouds to build a 2D local traversability map
based on geometric information. We then project traversability scores into the
image plane to generate traversability ground truth labels automatically.
Qualitative results of our multi-layer mapping algorithm on data collected by
Cassie Blue. The left shows the color image collected by the on-board camera,
which is used for semantic and traversability segmentation. The middle shows
the semantic layer built up to the timestamp of the left image. The right shows
the traversability layer. . . . . . . . . . ... L L

86

87



5.12 Qualitative results of our multi-layer mapping algorithm on data collected by

6.1

6.2

6.3

6.4

6.5

Cassie Blue. The left column shows the semantic layer and the correspond-
ing uncertainty map. The right column shows the traversability layer and its
UNCETtainty MAP. . . .« « v v v v v e e e e e e e e e e e e e e e e e

The proposed deep reward network architecture and training process for ter-
rain traversability cost learning. The network has two stages where the first
stage is for feature learning and the second stage is for feature fusion (yellow).
To extract useful features from both proprioceptive and exteroceptive sensory
data, the first stage consists of an inertial branch (blue) taking inputs of raw
IMU signals and a UNet-like environmental branch (pink) taking inputs of the
elevation map, elevation variance map and color map. The outputs of both
branches are concatenated and fused in the second stage to approximate the
reward map. The network is trained in an end-to-end manner by backprop-
agating both MEDIRL gradient (green flow) and trajectory ranking loss (red
flow). . . .
MIT Mini-Cheetah robot with a customized sensor suite and satellite map of
the data collection environment for thiswork. . . . . . . ... ... ... ...
Visualization of the generated data/network inputs in different environments,
for instance, sidewalk, trail and forest. (a) Elevation map. (b) Elevation vari-
ance map. (c) Color map. The demonstrated past (red) and future (cyan)
trajectories are overlaid for visualization only and not part of the feature map.
(d) Third-person view of the current state (not an input). (e¢) The IMU signals
collected within 0.5 sec. . . . . . . . . .. .. . .. ..
Qualitative results on traversability cost learning and future trajectory predic-
tion in Experiment 1. (a)-(c) are the inferred reward maps of the baseline
method [7], our method without inertial feature learning and our method with
inertial feature learning, respectively. (d)-(f) are the SVF visualizations of the
three methods representing the future trajectory distributions. (g) are the corre-

97

sponding input color maps overlaid with past (red) and future (cyan) trajectories. 103

Left block: Qualitative results on traversability cost learning and future trajec-
tory prediction in Experiment 2. From left, the first and second columns are
the inferred reward maps and future trajectory distributions obtained using the
MEDIRL algorithm. The third and fourth columns are those obtained using
our proposed T-MEDIRL algorithm with energy-based trajectory ranking. The
fifth column is the corresponding input color maps overlaid with past (red) and
future (cyan) trajectories. Right block: Mini-Cheetah Simulator. The bottom
row shows the robot is following the optimal future trajectory. . . . . . .. ..

X1

105



2.1

22

3.1

32

33

34

4.1
4.2

4.3

4.4

LIST OF TABLES

The comparison of Gaussian processes semantic map and semantic OctoMap
using the area under the receiver operating characteristic curve (AUC). The
maps are built using downsampled point clouds from the NYU Depth V2
dataset [8] and the corresponding frame numbers are shown in the table. . . . .
The comparison of Gaussian processes semantic map and semantic OctoMap
using the area under the receiver operating characteristic curve (AUC). The
maps are built using noisy image segmentation labels produced by SegNet.
The figures for both methods are lower than the first experiment due to the
presence of false positive labels in the observations. . . . . . . ... ... ...

KITTI Experiment RVM Model Selection: We run sequential RVM inference
for 500 iterations per class on 0.01 of the training data. The current kernel and
hyperparameters are chosen by using a sample data and training a Gaussian
process [9]. . . . .o
Quantitative results on KITTI odometry sequence 15 test set [S] for 7 semantic
classes, containing 25 ground truth images. The query points of RVSM are
chosen to be at all the observed prior locations. . . . . . ... ... ......
KITTI sequence 15 compression test for the frame 0-30. The mloU is eval-
uated on the 15 ground truth images. In the compression experiment, query
points are the centroids of the occupancy grid. Priors are discarded after the
relevance vectors are obtained, thus RVSM does not have access to prior loca-
tions, but only to the positions of centroids in the occupancy grid. . . . . . ..
NCLT Experiment RVM Model Selection: We run sequential RVM inference
for 1000 iterations per class on 0.05 of the training data. The current kernel and
hyperparameters are chosen by using a sample data and training a Gaussian
process [9]. . . . .o

Kernel and Dirichlet prior hyperparameters for all experiments. . . . . . . . .
Quantitative results on KITTI odometry sequence 05 test set [3] for 8§ common
semantic classes, containing 40 images. . . . . . . . .. .. ...
Quantitative results on KITTI odometry sequence 15 test set [5] for 8§ common
semantic classes, containing 25 images. . . . . . . . . ... ... ... ...
Mean IoU on SemanticKITTI dataset sequence 00-21 [6] for 19 semantic
classes. SqueezeSegV2-kNN (Sq.-kNN). Darknet53-kNN (Da.-kNN). Train-
ing (00-07, 09-10), Validation (8), Test (11-21). . . . . . . . .. .. ... ...

Xii

21

33

36

38

52

52



4.5

5.1

5.2

53

54

6.1

6.2

Comparison of map quality using the Area Under ROC Curve (AUC) and run-
time of the four methods on the example shown in Fig.4.4. . . . . ... .. .. 54

Ablation study of deep multi-task learning network for semantic and traversabil-
ity segmentation. Mean intersection over unions (mloUs) of 19 semantic
classes and 2 traversability classes are reported on a validation set from KITTI
sequence 06-07. Multi-task performance Ay, indicates the average relative

improvement over the single-task baseline (see (5.17)). . . . . .. ... .. .. 80
Quantitative results of our system on KITTI data set using intersection over
unions (IoUs) for traversability (trav.) classification. . . . . .. . ... .. .. 81

Quantitative results of our multi-task learning model on TartanAir dataset.
Mean intersection over unions (mloUs) of 30 semantic classes and 2 traversabil-
ity classes, and multi-task performance (A1) are reported. . . . . . . . . .. 84
Quantitative results of our multi-layer Bayesian mapping algorithm on Tar-
tanAir data set using intersection over unions (IoUs) for traversability (trav.)
classification. . . . . . . . . ... 85

Traversability Cost Learning/Future Trajectory Prediction Performance Quan-
titative Comparison in Experiment 1. . . . . . . ... ... ... oL, 104
Traversability Cost Learning/Future Trajectory Prediction Performance Quan-
titative Comparison in Experiment 2. Using a 24V, 6Ah battery, the difference
shown below in AEC corresponds to about seven minutes extra operation. . . . 106

Xiil



ABSTRACT

Robotic mapping is the problem of inferring a representation of a robot’s surround-
ings using noisy measurements as it navigates through an environment. As robotic systems
move toward more challenging behaviors in more complex scenarios, such systems require
richer maps so that the robot understands the significance of the scene and objects within.
This dissertation focuses on semantic-aware robotic mapping in unknown, loosely struc-
tured environments. The first main contribution is a Bayesian kernel inference semantic
mapping framework that formulates a unified probabilistic model for occupancy and se-
mantics, and provides a closed-form solution for scalable dense semantic mapping. This
framework significantly reduces the computational complexity of learning-based contin-
uous semantic mapping and achieves high accuracy in the meantime. Next, a novel and
flexible multi-task multi-layer Bayesian mapping framework is proposed to provide even
richer environmental information. A two-layer robotic map of semantics and traversability
is built as a strong example. Moreover, it is readily extendable to include more layers ac-
cording to needs. Both mapping algorithms were verified using publicly available datasets
or through experimental results on a Cassie-series bipedal robot. Finally, instead of model-
ing the terrain traversability using metrics defined by domain knowledge, an energy-based
deep inverse reinforcement learning method is developed to learn the traversability from
demonstrations. The proposed method considers robot proprioception and can learn reward
maps that lead to more energy-efficient future trajectories. Experiments are conducted us-
ing a dataset collected by a Mini-Cheetah robot in a campus environment with various

scenes.
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CHAPTER 1

Introduction

1.1 Motivation

The problem of simultaneously constructing a model of the environment (a map), and es-
timating the state of the robot moving within it, is known as simultaneous localization and
mapping (SLAM). SLAM is generally regarded as one of the most important problems
in the pursuit of full robotic autonomy. Over the last 30 years, astonishing progress has
been made in this area. This not only allows the successful transition of SLAM from lab
research to industrial applications (e.g., self-driving cars, surveillance drones and agricul-
tural robots), but also benefits many branches of related research where SLAM is regarded
as a must-have functionality of a robot.

With the significant progress in SLAM, debates about whether SLAM is solved have
been arisen. In this regard, leaders in the area gave their answers in the seminal paper [10].
They argue that we are entering a third era for SLAM, the robust-perception age, where
high-level understanding is one of the key requirements: the SLAM system goes beyond
basic geometric reconstruction to obtain a high-level understanding of the environment
(e.g., high-level geometry, semantics, physics, affordances) [10].

Mapping is the most fundamental and direct way for robots to understand the world. In
SLAM, the map, estimated together with robot poses, is usually represented as sparse or
semi-dense point clouds. These types of robotic maps allow limiting the error committed
in estimating the robot states by adding more constraints in the optimization, for instance,
sensor observations and loop closure factors in a factor graph [11]. However, they are
limited in enriching the robot’s understanding of the world, and supporting other tasks,
such as path planning or environment exploration. This is where mapping with known
poses plays a role.

Mapping with known poses, referred to as robotic mapping in this dissertation, deals

with the problem of mapping an a prior: unknown environment using a robot equipped



with on-board sensors, given the robot states. Traditional robotic mapping algorithms can
provide dense geometric information of the environment to facilitate robot navigation. For
instance, occupancy grid mapping [12] discretizes the 2D or 3D space into 2D cells or 3D
voxels where each cell/voxel contains the probability of it being occupied. This map allows
the robot to detect the obstacles and determine a feasible path within it probabilistically.
However, for robots to navigate and interact more richly with the world around them, they
will likely require a deeper understanding of the world beyond geometry.

This research is thus motivated with a simple question: how do we design a mapping
system that allows a robot to have a deeper understanding of the world? This question is
not easy to answer at once. It is strongly tied to the question of what information of the
environment the robot needs to know and how to represent that information in a map. Then
we need to answer the questions of how to build the map accurately and efficiently to enable
real-time robotic applications, how to scale the mapping system to a large environment, and
further how to achieve lifelong learning, etc.

To answer the first and the easiest question, and also just to take one step further from
the current geometric robotic maps, we think that a robot needs to know what the object is
in addition to where the object is in its environment. A simple application is that a service
robot needs to know which part in its map is a kitchen and what is a cup to perform the task
of “grab a cup from the kitchen”. In robotics and related research fields, the study of this
level of understanding is often referred to as semantics, which dictates what does the world
“mean’” to a robot conceptually [13].

Integrating semantics in a map, also known as semantic mapping, will open new paths
for robot navigation. In traditional robotic maps where the environment can only be in-
terpreted as a series of accessible and inaccessible areas, robot navigation is usually based
on “find a feasible/shortest path from point A to point B”. In contrast, in a semantic map,
the robot is able to plan a path to a place/object instead of fixed coordinates, avoid some
places/objects, and perform some tasks at the same time. This is a whole new level of
navigation, and closer to how humans navigate.

In this dissertation, we focus on semantic-aware robotic mapping in unknown, loosely-
structured environments. We consider the term semantics in a robotics context to be about
the meaning of things: the meaning of places, objects, other entities occupying the envi-
ronment. In other words, everything that occupies an environment should have a meaning
to the robot. To this end, we first propose a Gaussian processes framework for semantic
mapping in Chapter 2 as a means to integrate semantic information into the map represen-
tation. Concerning about the large amount of memory usage for storing a semantic map,

a semantic map compression method using Bayesian inference is proposed in Chapter 3.



In Chapter 4, a Bayesian spatial kernel smoothing framework for scalable dense semantic
mapping is proposed and reduces the computational complexity from O(n?) to O(logn).
To provide even richer information beyond semantics, a multi-task multi-layer Bayesian
mapping framework is proposed in Chapter 5. Finally, an energy-based legged robots ter-
rain traversability modeling framework using deep inverse reinforcement learning (IRL) is

presented in Chapter 6.

1.2 Contributions

The main contributions of this dissertation are as follows:

* A high-dimensional Gaussian processes semantic map representation is proposed.
The map representation is the natural extension of Gaussian processes occupancy
maps from binary to multi-class form. Given a point cloud measurement that is
(possibly partially) assigned with noisy semantic class labels, the framework can
infer a semantic map representation of the point cloud as a Gaussian process. The
map can infer missing labels and deal with sparse measurements through learning

the correlation in data. It is also continuous, and can be inferred with any resolution.

* A compressed 3D semantic map representation and its inference pipeline is proposed.
To reduce the memory consumption and enable large-scale mapping, we propose to
use a sparse Bayesian model, in particular, the relevance vector machine, for semantic
map compression. Specifically, we represent the semantic map as a set of parame-
ters and basis functions in the parametric statistical model. The proposed semantic
map representation has comparable prediction performance with the state-of-the-art

semantic mapping techniques, while requiring a lower memory footprint.

* A Bayesian continuous 3D semantic occupancy mapping framework is developed
that statistically models the occupancy and semantic probabilities in a unified frame-
work. By exploiting Bayesian kernel inference which is an approximation of Gaus-
sian processes, this framework reduces the computational complexity of O(n?) in
Gaussian processes semantic map to O(logn), where n is the number of training
points (sensor measurements). The mapping framework can be run at 2 Hz on a lap-
top CPU, and enables online robot planning using the semantic information of the

map.

* A novel multi-task multi-layer Bayesian map framework which introduces flexible

and readily expendable attribute map layers is proposed. We show a strong example



of the framework where a two-layer map for semantics and traversability is built.
This framework uses deep multi-task learning for sensor measurements processing,
and leverages inter-layer correlations in the closed-form Bayesian map inference.
The framework can be easily extended to include more map layers to provide richer
information of the environment. In addition, a self-supervised labelling pipeline for

traversability is proposed to automatically generate training data.

* A deep inverse reinforcement learning method for legged robots terrain traversabil-
ity modeling is proposed. Instead of only using exteroceptive sensory data to learn
a robot-agnostic reward function, we incorporate robot proprioception as inputs and
learn a reward function that depends on robot states during deployment. We design
a deep reward network that can learn robot inertial features directly from raw sen-
sor measurements and show the improvement over handcrafted kinematic features.
We further propose to train the network using maximum entropy inverse reinforce-
ment learning algorithm with an additional trajectory ranking loss to deal with the
demonstration suboptimality for legged robots. We use the average locomotion en-
ergy consumption for trajectory ranking to learn a reward function that leads to more

energy-efficient path planning.

The work in this thesis has appeared (or will appear) in the following publications:

* Maani Ghaffari Jadidi, Lu Gan, Steven A. Parkison, Jie Li, Ryan M. Eustice. Gaus-
sian processes semantic map representation. In RSS 2017 Workshop on Spatial-

Semantic Representations in Robotics.

* Lu Gan, Ray Zhang, Jessy W. Grizzle, Ryan M. Eustice, and Maani Ghaffari Jadidi.
Bayesian spatial kernel smoothing for scalable dense semantic mapping. In IEEE
Robotics and Automation Letters (RA-L), Vol. 5, No. 2, April 2020, pp. 790-797.

* Lu Ganx, Youngji Kimx, Jessy W. Grizzle, Jeffrey M. Walls, Ayoung Kim, Ryan
M. Eustice, and Maani Ghaffari. Multi-task learning for scalable dense multi-layer
Bayesian map inference. Second-round review. IEEE Transactions on Robotics (T-
RO).

* Lu Gan, Jessy W. Grizzle, Ryan M. Eustice, and Maani Ghaffari. Energy-based

legged robots terrain traversability modeling via deep inverse reinforcement learn-
ing. Under review. IEEE Robotics and Automation Letters (RA-L) and 2022 IEEE/RSJ

International Conference on Intelligent Robots and Systems (IROS).

Other related publications that do not directly include the work presented in this thesis:
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 Steven A. Parkison, Lu Gan, Maani Ghaffari Jadidi, and Ryan M. Eustice. Semantic

iterative closest point through Expectation-Maximization. In 2018 British Machine
Vision Conference (BMVC), p. 280. 2018

* Ross Hartley, Josh Mangelson, Lu Gan, Maani Ghaffari Jadidi, Jeffrey M. Walls,
Ryan M. Eustice, and Jessy W. Grizzle. Legged robot state-estimation through com-
bined forward kinematic and preintegrated contact factors. In 2018 IEEE Interna-
tional Conference on Robotics and Automation (ICRA), pp. 1-8. IEEE, 2018.

* Ross Hartley, Maani Ghaffari Jadidi, Lu Gan, Jiunn-Kai Huang, Jessy W. Grizzle,
and Ryan M. Eustice. Hybrid contact preintegration for visual-inertial-contact state
estimation using factor graphs. In 2018 IEEE/RSJ International Conference on In-
telligent Robots and Systems (IROS), pp. 3783-3790. 1IEEE, 2018.

» Steven A. Parkison, Maani Ghaffari, Lu Gan, Ray Zhang, Arash K. Ushani, and
Ryan M. Eustice. Boosting shape registration algorithms via reproducing kernel
Hilbert space regularizers. In IEEE Robotics and Automation Letters (RA-L), Vol.
4, No. 4, October 2019, pp. 4563-4570.

Open source implementation of the proposed algorithms is provided as follows:

https://bitbucket.org/perl-sw/rvsm

https://github.com/ganlumomo/BKISemanticMapping

https://github.com/ganlumomo/semantic-segmentation

https://github.com/ganlumomo/MultilayerMapping

https://github.com/ganlumomo/traversability _projection_ws

https://github.com/ganlumomo/minicheetah-traversability-irl

1.3 Outline

This dissertation proposal is organized into 7 chapters, and structured as follows:

Chapter 2 is our first attempt to incorporate semantic information in a robotic map. We
naturally extend Gaussian processes occupancy maps from binary (occupied vs. unoccu-
pied) to multi-class (semantic classes pre-defined for the environment) form. We first give a

brief introduction of Gaussian processes and GP classification, then formulate the semantic
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mapping problem as a multi-class GP classification problem using a one-vs.-rest approach.
In experiments, we extend the OctoMap [14] to semantic OctoMap for comparison. Ex-
perimental results on single RGBD scans show the GP semantic map can handle sparse
measurements, missing labels in the point cloud, as well as noise corrupted labels.

In Chapter 3, we propose a compressed 3D semantic map representation that exploits
sparse Bayesian modeling and a pipeline to build the compressed semantic map. We com-
pare the prediction performance with other 3D semantic mapping systems and show the
continuity and compression properties of the proposed map representation. The experi-
ments show our compressed semantic map has comparable prediction performance with
the state-of-the-art techniques while requiring a lower memory footprint. The proposed se-
mantic mapping system can be used in robotic applications where the semantic prediction
needs to be made efficiently with limited onboard resources.

In Chapter 4, we focus on deriving a closed-form Bayesian semantic mapping frame-
work that can take multi-scan sensor measurements sequentially and efficiently to build a
full semantic map for robot navigation. We first extend a counting sensor model for occu-
pancy mapping to a semantic counting sensor model where the Categorical and Dirichlet
distribution (conjugate prior of the former) is used to model the semantic likelihood and
its parameters, respectively. Then, we leverage Bayesian kernel inference with a sparse
kernel to make the model continuous. It is an approximation to Gaussian processes with
only O(logn) computations. Experiments on publicly available datasets KITTI and Se-
manticKITTI show the proposed framework outperforms the state-of-the-art semantic map-
ping methods. An autonomy experiment on our bipedal robot Cassie Blue also shows the
mapping efficiency and ability to facilitate robot planning.

In Chapter 5, we want to extend the Bayesian semantic mapping framework in Chap-
ter 4 to provide richer information of the environment in addition to semantics. We propose
a novel and flexible multi-task multi-layer Bayesian mapping framework in this chapter.
And as an example, we show how to build a two-layer Bayesian map of semantics and
traversability. We first design a deep multi-task learning neural network with attention
mechanisms as a unified reasoning block for our mapping system. This network can out-
put semantic and traversability prediction for a monocular image simultaneously. To train
the network, a self-supervised approach to automatically generate the traversability ground
truth labels is also proposed. Finally, we formulate a closed-form Bayesian inference model
for a semantic-traversability layer which leverages inter-layer correlations. We present ex-
tensive experimental results on publicly available datasets and the data collected by our
bipedal robot Cassie Blue. A discussions on how to extend the proposed framework to

include more layers is given at the end of this chapter.



Built on the self-supervised traversability estimation in Chapter 5, Chapter 6 proposes
an energy-based terrain traversability modeling method using deep inverse reinforcement
learning. The motivation is to build robot-specific traversability cost map by learning from
demonstration. Two issues have been mainly considered. First, unlike vehicles, legged
robots with high mobility tend to have more sudden motions. Existing deep IRL works
using purely environmental features or handcrafted vehicle kinematic features might fail to
capture these sudden movements. We propose a deep reward network that can effectively
learn robot inertial features from proprioceptive sensory data and integrate the learned fea-
tures into the reward map. Secondly, we propose a Trajectory-ranked Maximum Entropy
Deep Inverse Reinforcement Learning algorithm and locomotion trajectory ranking strat-
egy using energy to deal with the suboptimality of legged robot demonstrations. By in-
troducing a preference label for each demonstrated trajectory, the inferred reward map can
extrapolate beyond suboptimal demonstrations and lead to a better-than-demonstration pol-
icy. We conduct the experiments using a dataset collected by Mini-Cheetah robot and in a
robot simulator.

Finally, Chapter 7 outlines several main ideas for future research, based on the findings

in this dissertation and my vision of future directions for robotic perception and learning.



CHAPTER 2

Gaussian Processes Semantic Map
Representation

In this chapter, we develop a high-dimensional map building technique that incorporates
raw pixelated semantic measurements into the map representation. The proposed tech-
nique uses Gaussian Processes (GPs) multi-class classification for map inference and is the
natural extension of GP occupancy maps from binary to multi-class form. The technique
exploits the continuous property of GPs and, as a result, the map can be inferred with any
resolution. In addition, the proposed GP Semantic Map (GPSM) learns the structural and
semantic correlation from measurements rather than resorting to assumptions, and can flex-
ibly learn the spatial correlation as well as any additional non-spatial correlation between
map points. We extend the OctoMap to Semantic OctoMap representation and compare
with the GPSM mapping performance using NYU Depth V2 dataset. Evaluations of the
proposed technique on multiple partially labeled RGBD scans and labels from noisy image
segmentation show that the GP semantic map can handle sparse measurements, missing

labels in the point cloud, as well as noise corrupted labels.

2.1 Introduction

Semantic knowledge in robotic perception systems can use representations such as hi-
erarchical maps [15], objects as higher level landmarks [16], or voxelized reconstruc-
tion [17]. Dense robotic maps such as occupancy grids and the OctoMap [14, 18-21]
traditionally contain geometric knowledge of the environment. Grid/voxel-based maps
have been successful in many applications such as localization, robotic exploration, and
navigation tasks [22-25]. However, these techniques ignore available correlations in data
by simplifying the mapping problem into a set of marginalized random variables. Further-

more, the map resolution is often fixed or limited and once the map is inferred the resolution



Figure 2.1: The figure shows examples of the GPSM (bottom right) and SOM (bottom left)
using NYU Depth V2 dataset. The point cloud with ground truth semantic labels is shown
in the top right. The maps are built by uniformly down-sampling the original point cloud
to one-third. The GP map can infer the missing labels and deal with sparse measurements.
The query points are the same as original points in the top right.

cannot be increased. In the context of high-dimensional occupancy mapping, at the cost
of higher computational time, Gaussian Processes (GPs) have improved the map building
performance by taking into account the correlation between map points and treating the
map inference as a binary classification problem [26-29].

Semantic segmentation of the scene has long been an active topic in computer vision.
The best performing algorithms used to rely on classifiers trained on a set of hand-crafted
features [30,31]. However, the computational efficiency limits their application in real-time
mobile robotics scenarios. More recent literature use the advances in the deep convolutional
neural network. New architectures designed for semantic segmentation, including [32-35],
have achieved superior performance in both indoor and outdoor benchmarks. Furthermore,
the processing time for their pixel-wise estimation is also promising.

In this chapter, we formulate the semantic mapping as a multi-class classification prob-



lem and use raw pixelated semantic measurements (class labels) to generalize the traditional
occupied and unoccupied class assignment. The proposed Gaussian Processes Semantic
Map (GPSM) is inherently continuous, and prediction can be made at any desired location.
We use kernel methods in the form of GPs to systematically accept inputs with any dimen-
sionality as well as heterogeneous bases such as spatial coordinates and colors. Figure 2.1
shows examples of Semantic OctoMap (SOM) and GPSM built using a single frame of
NYU Depth V2 dataset [8]. In particular, this chapter has the following contributions:

1. The proposed technique infers the structural and semantic correlation from measure-
ments rather than resorting to assumptions. Through learning the correlation in data,

GPSM can infer missing labels and deal with sparse measurements.

2. GPSM is continuous, and queries can be made at any desired locations; therefore,

the map can be inferred with any resolution.

3. GPSM is the extension of GPs occupancy maps, i.e. binary maps, to the multi-class

semantic representation which provides rich maps for robotic planning tasks.

4. GPSM is agnostic to the input dimensions and can handle an arbitrary number of

non-spatial dimensions !.

In the following section, a review of the related work is given. The problem statement
and preliminaries are discussed in Section 2.3. The detailed formulation of the GP semantic
mapping is presented in Section 2.4. The semantic OctoMap as an alternative map building
technique is described in Section 2.5. Section 2.6 includes the time complexity analysis of
both GP semantic map and semantic OctoMap. The Comparison of mapping results using
a publicly available dataset is presented in Section 2.7; and finally, Section 2.8 concludes

the chapter and discusses possible extensions of this work.

Notation

In the present article probabilities and probability densities are not distinguished in general.
Matrices are capitalized in bold, such as in X, and vectors are in lower case bold type, such
as in . Vectors are column-wise and 1: n means integers from 1 to n. The Euclidean norm
is shown by |[|-||. |X| denotes the determinant of matrix X . For the sake of compactness,
random variables, such as X, and their realizations, x, are sometimes denoted interchange-

ably where it is evident from context. z[) denotes a reference to the i-th element of the

"Without loss of generality, in this work, we only use spatial inputs to compare the results with semantic
OctoMap.
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variable. An alphabet such as X denotes a set, and the cardinality of the set is denoted by
|X'|. A subscript asterisk, such as in x,, indicates a reference to a test set quantity. The
n-by-n identity matrix is denoted by I,,. We use vec(x, y) to construct a vector by stacking
x and y. The function notation is overloaded based on the output type and denoted by & (-),
k(-), and K (-) where the outputs are scalar, vector, and matrix, respectively. Finally, E[]

and V[-] denote the expected value and variance of a random variable, respectively.

2.2 Related Work

Early work in the context of robotic semantic mapping focused on room and building struc-
ture semantics, similar to topological mapping. Kuipers and Byun [15] create a network
of distinctive places to map and explore large scale environments. Mozos et al. [36] as-
sign labels to a 2D map of the indoor space corresponding to different parts of an indoor
environment, such as room, corridor, and doorway through applying a classifier to the in-
formation collected by a range sensor. Then a Hidden Markov Model is used to encode
transition probabilities to different labels, and thus using topological information. Prono-
bis et al. [37] extend that framework to include visual features, namely Scale-Invariant
Feature Transform (SIFT) [38] and Composite Receptive Field Histograms (CRFH) [39].

Another interesting form of semantics for Simultaneous Localization And Mapping
(SLAM) is object level classification. While room level semantics and topology are useful
for navigation and exploration, object level semantics enable finer grained tasks such as
robotic manipulation. Castle et al. [40] use a database of known planar objects to match
SIFT features of a monocular video stream in an extended Kalman filter SLAM framework.
Civera et al. [41] extend this approach to arbitrary three-dimensional (3D) geometries. Bao
and Savarese [42] use an object detector in the structure from motion setup to jointly es-
timate camera parameters, 3D points, and object instances and poses. These approaches
are developed to improve scene estimation by providing more geometric constraints. Con-
versely, Pillai and Leonard [43] use monocular SLAM to aggregate multiple views of a
single object to provide more evidence to the object detector.

Dense 3D priors of objects have also been used for mapping and scene understanding.
Kim et al. [44] learn models that are a collection of primitive 3D shapes; and show once a
model based on primitives is learned, the object can quickly be recognized in an environ-
ment. Salas-Moreno et al. [16] align 3D mesh model priors of objects to the RGBD frame.
The technique treats objects as landmarks and each alignment as a factor in the graphical
SLAM framework. Choudhary et al. [45] also use objects as landmarks, but instead of

having a dense 3D prior for every object, the objects are discovered via segmentation, and
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then their models are produced during the mapping process.

Beyond just object models, there has been work to produce 3D maps with dense se-
mantic labels. Kundu et al. [3] jointly reconstruct the 3D scene and perform semantic
segmentation. The technique uses a Conditional Random Field (CRF) to infer the semantic
category and occupancy for each voxel jointly. Sengupta and Sturgess [46] also look at
semantic segmentation and reconstruction of the 3D scene; the technique uses stereo im-
ages, estimated camera pose, and a CRF defined over voxels and supervoxels of the octree
to infer the semantic octree representation of the 3D scene. Vineet et al. [47] propose an
incremental dense stereo reconstruction and semantic segmentation technique. To address
the challenge of dealing with moving objects, Kochanov et al. [17] present a method to
incorporate temporal updates into the map using scene flow measurements.

In this chapter, we propose the GP semantic map to infer the structural and seman-
tic representation of the scene concurrently. Our approach fundamentally differs from the
above-mentioned techniques as it does not discretize the map and is continuous. While in
the present work, we focus on the problem formulation and 3D reconstruction of a single
RGBD scan, the proposed framework can be used for the 3D scene reconstruction using
map fusion algorithms [29]. Furthermore, the techniques mentioned earlier ignore pose es-
timation uncertainty in the map building process; however, our framework is systematically

capable of accepting uncertain inputs [48].

2.3 Problem Statement and Preliminaries

The objective is formulate and solve the mapping process in a fully probabilistic frame-
work. Since the environment representation we consider here is dense and measurements
can be sparse due to the limited sensor field of view and range, a simple inference on
individual voxels can lead to a poor mapping performance. Therefore, we devise a joint
inference scheme based on GPs by assuming map points are normally distributed. In par-

ticular, the following assumption are made.
Assumption 1 (Static map representation) 7The environment is static.

Assumption 2 (Gaussian map points) Any sampled point from the semantic map repre-

sentation of the environment is a random variable whose distribution is Gaussian.

From Assumption 2, and placing a joint distribution over map points, the mapping

process by definition can be modeled as a GP.
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Definition 1 (Gaussian process [9]) A Gaussian process is a collection of random vari-

ables, any finite number of which have a joint Gaussian distribution.

Problem 1 (Gaussian processes semantic map) Given a point cloud measurement that is
(possibly partially) assigned with noisy semantic class labels, infer a semantic map repre-

sentation of the point cloud as a Gaussian process.

2.3.1 Gaussian Processes Regression

GPs are nonparametric Bayesian regression techniques that employ statistical inference to
learn dependencies between points in a data set [9]. The joint distribution of the observed
target values, y, and the function values (the latent variable), f,, at the query points can be

written as

[y] N 7[K(X,X)+U§In K(X,X.) \ o

f. K(X.,X) K(X.,X.)

where X is the d x n design matrix of aggregated input vectors x, X, is a d X n, query
points matrix, K (-, -) is the GP covariance matrix, and o2 is the variance of the observation
noise which is assumed to have an independent and identically distributed (i.i.d.) Gaussian
distribution. The predictive conditional distribution for a single query point f,| X, y, @, ~
N (E[f.], V[f.]) can be derived as

E[f.] = k(X,z.)"[K(X,X) + 0,1, "y, (2.2)

VIf] = k(z., z.) = B(X,2.)" [K(X, X) + 0L, k(X z.). (2.3)

2.3.2 Gaussian Processes Classification

Supervised classification is the problem of learning input-output mappings from a train-
ing dataset for discrete outputs (class labels). In binary GP Classification (GPC), we de-
fine class labels as y € {#£1}. In GPC, the inference is performed in two steps. First
computing the predictive distribution of the latent variable corresponding to a query case,
X, y, . ~ N(E[f.], V[f.]), and then a probabilistic prediction, p(y. = +1| X, y, x.),
using a sigmoid function, o(-), that assigns class labels with a probability that increases
monotonically with the latent. The non-Gaussian likelihood and the choice of the sigmoid
function can make the inference analytically intractable. Hence, approximate inference

techniques are required.

13



2.3.3 Model Selection

In GPs, one can learn free parameters of mean, covariance, and likelihood functions (hy-
perparameters) through optimizing a cost function. Practically, The hyperparameters, 6,
can be computed by minimization of the negative log of the marginal likelihood (NLML)

function:

1 _

1
—§log|K(X,X)+UTQLIn|—glogQW. (2.4)

In (2.4), the first term —3y” (K (X, X) + 021,) 'y corresponds to data-fit, the second
term 3 log |K(X,X) + 021,| penalizes the model complexity, and the last term is a

constant.

Remark 1 Note that the selection of NLML function for the optimization problem is en-
tirely optional. However due to the marginalization property of the multivariate normal

distribution, the latent variable f, can be conveniently marginalized.

Remark 2 Generally speaking, building maps using GPs can handle sparse sensor obser-
vations and consequently sparse training data. However, in practice, the kernel function
describes the correlation between training points. A smooth kernel such as the squared
exponential can cover a larger area with fewer training points, and a rough kernel such as
Matérn (v = 1/2) can only cover the vicinity of sparse training points, see [9, Figure 4.1].
Therefore, model selection is crucial to fully exploit capabilities of GPs. Furthermore,

hyperparameters have a significant effect on the shape of the map.

The GPC model implemented in this work uses a constant mean function, Matérn
(v = 5/2) covariance function [49] with automatic relevance determination [50], the er-
ror function likelihood (probit regression), and Laplace technique for approximate infer-
ence and is done using the open source GP library in [9]. It is argued in [49] that Matérn

covariance functions are more suitable for modeling physical processes.

2.3.4 Large-scale Inference

The main bottleneck in GP regression is computation of the term [K (X, X) + 021,]~*
where the covariance matrix of training data has to be inverted. This limitation reveals
itself more when one tries to use a large number of training data. In general, the number

of measurements in a point cloud exceeds a few hundred and can be up to several hundred
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thousands. In such cases, approximate inference techniques such as Laplace, expectation
propagation [51], or variational Bayes [52] can become time-consuming. The Fully Inde-
pendent Training Conditional (FITC) [53,54] method is based on a low-rank plus diagonal
approximation to the exact covariance matrix and is computationally more attractive while
it preserves the desirable properties of the full GP [53]. In particular, FITC uses a set
of inducing points to shift the computational cost on the cross-covariances computation

between training, test, and inducing points.

2.4 Gaussian Processes Semantic Map

In this section, we formulate the GP semantic map to solve Problem 1. While the formula-
tion we present here is general, for the classification purpose, we use a binary GPC as the
base classifier for each class and one-vs.-rest approach to building a multi-class classifier.
However, we acknowledge that the multi-class Laplace approximation in [9, Section 3.5]
is an interesting approach to building a true probabilistic multi-class classifier.

Let M be the set of possible semantic maps. We consider the map of the environ-
ment as an n,,,-tuple random variable (MY, ... M) whose elements are described by
a normal distribution m!! ~ N (uld vll), i € {1: n,,}. Let X C R? be the set of spatial
coordinates to build a map on, and C = {c[j]};-‘gl be the set of semantic class labels. Let
Z C X x C be the set of possible measurements. The observation consists of an n,-tuple
random variable (Z!!, ... Z["l) whose elements can take values zI¥ € Z, k € {1: n,}
where 2" = (zlF] yI¥)) k¢ x and y!* € C.

We define a training set D = {(l! 1)} and the target vector y = vec(ylll, ... ymd)
where D C Z, and n; < n, is the number of training points. Given observations Z = z,
we wish to estimate p(M = m | Z = z). The map can be inferred as a Gaussian process

by defining the process as the function y : Z — M, therefore
y(x) ~ GP(fm(z), k(z, x")). (2.5)

It is often the case that we set the mean function f,,(x) as zero, unless it is mentioned
explicitly that f,,(x) # 0. For a given query point in the map, ., GP predicts a mean,
u, and an associated variance, v. Thus, for any map point, we have m/l = y(m[f ) ~
N (pl] vl

Once the mean and variance of the latent f, are available, we predict the averaged
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Figure 2.2: A two-dimensional toy example of GP multi-class classification using the syn-
thetic dataset shown in the right plot. The prediction is continuous, and the class proba-
bilities can be queries at any point in the plane as shown in the left plot. Furthermore, the
contour curves can be seen as decision boundaries. The plots show the log probabilities.

predictive probability of the class cl’! as follow [9, Chapter 3]:

() = 11|D, 2.) = / (N (u | E[£.], V[£.])du. 2.6)

Note that once the n. binary GPC are trained, and the prediction at query points (map
points) are performed, we normalize the class probabilities to get p(M = cVl|z) for the
j-th semantic class. One straightforward way to assign hard labels to map points is to find

the class with the maximum probability.

Remark 3 The actual representation of the map depends on the distribution of query
points. It is often the case to use uniformly distributed points. In general, query points
can have any desired distributions. However, in this work, we use the original dense point

cloud as the query points to facilitate comparison with the ground truth.

Example 1 (Two-dimensional Toy Example) Figure 2.2 illustrates a two-dimensional toy
example of GP multi-class classification that can be extended to the three-dimensional se-
mantic mapping. The continuity and smoothness of the probabilistic inference are evident
from the left plot, while the corresponding contour curves and the synthetic training points

are shown in the right plot. The plots show the log probabilities.
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2.5 Semantic OctoMap

The OctoMap [14] is a popular robotic occupancy mapping tool which builds a discretized
model of the 3D world using the octree data structure. The octree enables the multi-
resolution map representation which has the advantage of being memory-efficient. In this
section, we develop a simple extension of this technique to semantic OctoMap which will
serve as the alternative approach in the presented evaluations in Section 2.7. In the basic
OctoMap implementation, voxels only contain occupancy probability represented as log-
odds. In the developed semantic OctoMap, in addition, voxels include semantic labeling
and color information for visualization. The incorporation of the semantic knowledge into
the OctoMap is also discussed in [46].

Following the problem formulation in the previous section, given observations Z = z,
we wish to estimate p(M = m | Z = z). The fundamental assumptions of this approach

are as follows. First, the map posterior is approximated as the product of its marginals [55]:

p(M=m| 7=z =][p(M=m|7=2), @)

=1

which indicates the distribution of each voxel is independent of the others. Second, we as-
sume that for each voxel, the occupancy and semantic probabilities are independent. Based
on these tow assumptions, we can process occupancy and semantic beliefs separately. We
first use OctoMap library to compute the occupancy probability of each voxel. The prin-
ciple is that voxels correspond to endpoints are updated as hits, while voxels along the ray
between the sensor origin and the endpoint are updated as misses.

We follow the idea in [17] to define the semantic likelihood. The idea is to simply
average the discrete semantic class labels that fall within a voxel. Let £ be a multiset that
contains semantic label observation, [[“7] € C, that are inside the i-th voxel. The likelihood
function to update the semantic belief of the j-th class for the i-th voxel can be defined as

follows:

p(?=+112) = > o™ 2). (2.8)

1
| L] ,
siklecl

For the visualization purpose, we only visualize the occupied voxels with their corre-
sponding hard labels which are computed by finding the label with the maximum semantic

probability. Figure 2.3 shows an example of the developed semantic OctoMap.
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Figure 2.3: Semantic OctoMap built using the Stanford 2D-3D-Semantics Dataset [1], area
1, conference room 1. The semantic label observations are from the ground truth data.
From the figure, the effect of discretization of the map and independent voxels inference
are evident in the structural shape of the environment.

2.6 Computational Complexity Analysis

FITC uses inducing points (active set) to base the computations on cross-covariances be-
tween training, test, and inducing points; hence, the computational cost is dominated by
the matrix multiplication and reduced from O(n?) to O(n;n?) where n,, is the number of
inducing points and n,, < n;. The computational complexity of the GP semantic map is
dominated by FITC approximation and is the same.

The computational complexity of semantic OctoMap is determined by octree data ac-
cess complexity, which is O(ng) = O(logn,,), where n,, is the total number of nodes and
nq is the depth of the octree data structure. As semantics fusion process queries the corre-
sponding voxel on an octree for each measured point in a scan, the computational complex-
ity of this part is O(n, logn,), where n, is the number of points in the point cloud. It is
worth mentioning that the maximum depth of octree is fixed in implementation; therefore,

the practical computational complexity of the semantic fusion process is O(n,).
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2.7 Results and Discussion

We now present mapping results using the proposed GP semantic map and the semantic
OctoMap. We evaluate the proposed technique by comparing the mapping performance
with that of the semantic OctoMap using NYU Depth V2 dataset [8]. The GPSM is im-
plemented in MATLAB using the GPML library [9] and the SOM is implemented in C++
using by developing the original OctoMap implementation [14].

In the following, we explain the experimental setup and the performance criterion used
for the comparison. We run two experiments; first, we study the effect of sparse mea-
surements and missing labels by downsampling ground truth point clouds. Second, we
use an image segmentation technique to label the entire point cloud to study the effect of

misclassification (false positives) in observations.

2.7.1 Experimental Setup and Evaluation Criterion

The NYU Depth V2 dataset provides a large set of aligned RGB and depth images in
indoor environments that are recorded by the Kinect sensor. The dataset also contains a
subset of pixel-wise multi-class labeled images where there are unlabeled pixels in the
annotated images for missing structures. We first convert RGBD scans to 3D point clouds
with point-wise labels which serve as observation sets. Then we build the GPSM and the
SOM. Note that, in this work, the map is referred to a local map built using a single scan
(labeled point cloud). In the first experiment, point clouds are labeled using the ground
truth semantic labels and downsampled by one-third to replicate sparse measurements and
missing labels. In the second experiment, semantic labels are computed by the image
segmentation technique SegNet [56]. The resolution of semantic OctoMap is set to 0.02 m
for all results. The observation set contains about 300, 000 points. While the GP training
points are a much smaller subset of the original observation set (typically less than 5000
points), the query points are all points in the original point cloud.

The evaluations include the comparison of mapping performance using the Area Under
the receiver operating characteristic Curve (AUC). The probability that the classifier ranks
a randomly chosen positive instance higher than a randomly chosen negative instance can
be understood using the AUC of the classifier; furthermore, the AUC is useful for domains
with skewed class distribution and unequal classification error costs [57]. The AUC is
originally a measure of the discriminability of a pair of classes. The extension of this
method to the multi-class case is discussed in [58]. In order to maintain the performance
measure insensitive to class distribution and error costs, following our one-vs.-rest multi-

class classification approach, we calculate an AUC for each classifier (GP) and then take the
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Figure 2.4: The figure shows GPSM and SOM results using sparse labeled point clouds.
From left, each column respectively shows the RGB image, the point cloud with ground
truth semantic labels before downsampling, the SOM, and the GPSM. The maps are built by
uniformly down-sampling the original point cloud to one-third. The GP map can infer the
missing labels and deal with sparse measurements through leaning the correlation between
observations. For GPSM, the query points are the same as original points in the second
column.

average AUC as the overall performance measure. Thus, the total AUC can be computed

as follows:

1 .
AUC,p0a = [ Z AuCH!, (2.9)

jec
2.7.2 Sparse and Missing Measurements Effects

In the first experiment, we use four samples from the dataset for map building. The point
clouds are labeled using the ground truth data. We uniformly downsample the labeled
point clouds by one-third to replicate sparse measurements. As a result, since the number
of labeled points is reduced, the point cloud contains many unlabeled points which makes
the mapping process challenging. Figures 2.1 and 2.4 show the results of GPSM and SOM
using the selected frames. Table 2.1 shows the quantitative comparison between GPSM
and SOM.

From the result, the marginalization effect of the SOM on the map inference appears
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Table 2.1: The comparison of Gaussian processes semantic map and semantic OctoMap
using the area under the receiver operating characteristic curve (AUC). The maps are built
using downsampled point clouds from the NYU Depth V2 dataset [8] and the correspond-
ing frame numbers are shown in the table.

Frame Number GP Semantic Map Semantic OctoMap

AUCtotal AUCtotal
NYU V2 - 282 0.9624 0.88525
NYU V2 -374 0.9622 0.86251
NYU V2 - 555 0.9675 0.88648
NYU V2 -965 0.9644 0.83569

as many unlabeled voxels. Essentially, any voxel that does not contain any labeled points
remains as unlabeled as there is no information available at that particular location. In-
tuitively, it is likely that neighboring locations share the same semantic class label and if
any two points are spatially close, this chance can be even higher due to the present struc-
tural correlations in the environment. The lower mapping performance of the SOM, while
dealing with sparse measurements, approves this claim.

The GP semantic map places a joint distribution on the observations and query points.
This high-dimensional approach enables the method to infer the semantic class labels con-
tinuously. Furthermore, the available information in observations are captured in the GP
covariance function which effectively models the correlation between map points. The
GPSM is not limited to a fixed resolution and provides a probabilistic prediction and any
desired location. The GPSM performs on all samples equally well with minor misclassi-
fied regions in each map. The maps are visualized using the class label with the maximum

probability.

2.7.3 Mapping under Noisy and Misclassified Labels

In the second experiment, we use SegNet [56] to generate semantic labels. We first perform
the RGB image segmentation and then assign each pixel’s label to its corresponding point
in the point cloud. The mapping results are computed using the same four examples from
the previous experiment, and the performance of each method is evaluated using the ground
truth labeled point clouds in Figure 2.4. Figure 2.5 shows the results of the image segmen-
tation (second column from left), the SOM (third column from left), and the GPSM (fourth
column from left). Table 2.2 shows the quantitative comparison between GPSM and SOM.
The challenge in this test is the presence of false positive labels in the observations and, as

expected, both methods achieve lower mapping performance on the same set of data. Note
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Figure 2.5: The results of mapping under noisy and misclassified labels. From left, each
column respectively shows the RGB image, the image segmentation using SegNet, the
SOM, and the GPSM results. The false positives in the image segmentation are directly
transferred into the SOM results, while the GPSM uses the spatial distance between points
to infer the class labels based on correlations between map points.

that in this experiment the point clouds are not downsampled; however, the GP training set
is a subset of observations as explained in the previous subsection.

The SOM directly uses the available points within a voxel to infer the voxel labels.
Therefore, any misclassified label is transferred to the map. However, the GPSM infers the
class labels based on the available correlations in the observation sets. Specifically, in the
presented examples, the spatial correlations reduce the number of the misclassified points
in the final map. For example, two adjacent pixels in the image space can have a similar
label while their spatial distance can be large. Such cases are trivially handled in the GPSM

framework since a large spatial distance implies insignificant correlation.

22



Table 2.2: The comparison of Gaussian processes semantic map and semantic OctoMap
using the area under the receiver operating characteristic curve (AUC). The maps are built
using noisy image segmentation labels produced by SegNet. The figures for both methods
are lower than the first experiment due to the presence of false positive labels in the obser-
vations.

Frame Number GP Semantic Map Semantic OctoMap

AUCtotal AUCtotal
NYU V2 - 282 0.7192 0.68402
NYU V2 -374 0.7625 0.73552
NYU V2 -555 0.7032 0.66881
NYU V2 - 965 0.8612 0.77456

2.7.4 Discussion and Limitations

Since we seldom have sufficient information about a process, minimization of the NLML
is a useful approach as it provides flexibility for model selection. However, the problem of
minimizing NLML is an ill-posed problem and using maximum likelihood estimate we can
often find a local minimum. Therefore, it is always possible that the solution suffers from
overfitting, especially if the number of hyperparameters is large [9].

The common way for map representation in robotics is using a dense set of points with
a particular distribution that is possibly suitable for navigation tasks. However, there is no
restriction for any other desired representation such as approximate belief representations
in [59], that can be useful for other applications such as predictions. In fact, it is shown
in [60] that by modeling the underlying process as GPs, one can perform information-
theoretic planning using nonparametric information gain with possibility to handle the state
estimate uncertainty [48].

In heteroscedastic processes, noise is state dependent. Heteroscedastic Gaussian pro-
cess regression [61,62] can be an alternative to model the structural correlation more accu-
rately. However, to model the prediction uncertainty, they require a second GP in addition
to the GP governing the noise-free output value. The computational cost is roughly twice
that of the standard GP [63,64]. To avoid increasing the computational time in the proposed
mapping technique, we do not consider the heteroscedasticity in training data; however, ap-

plying these techniques to the problem at hand is an interesting direction to follow.
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2.8 Conclusion and Possible Extensions

In this chapter, we developed the Gaussian processes semantic map for 3D semantic map
representations. We formulated the problem as a multi-class classification by defining the
map spatial coordinates and semantic class labels as the input and output of the process,
respectively. The proposed GP semantic map learns the structural and semantic correlation
from measurements rather than resorting to assumptions, and exploits the spatial correlation
(and possibly any additional non-spatial correlation) between map points for inference.
In particular, the proposed map inference can infer missing labels and deal with sparse
measurements, is continuous and queries can be made at any desired locations, and can
deal with false positives better.

While, in this work, we only considered the spatial coordinates as the input, GPSM is
agnostic to the input dimensions and can handle an arbitrary number of non-spatial dimen-
sions. It would be interesting to extend the proposed method to an incremental form as well

as add other available dimensions such as color and intensity.
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CHAPTER 3

Compressed 3D Semantic Map Inference via

Relevance Vector Machines

Dense robotic mapping is a challenging, high-dimensional, sequential inference problem.
This chapter reports on development of a compressed 3D semantic map inference pipeline
through sparse Bayesian models, in particular, the relevance vector machine. The tech-
nique is based on the principle of automatic relevance determination and produces sparse
local models that use a small subset of the original dense training set as the dominant
basis. The resulting map posterior is continuous, and queries can be made efficiently at
any resolution. We evaluate the proposed relevance vector semantic map using two pub-
licly available datasets. The experimental results show that the proposed mapping system
has comparable performance with the state-of-the-art techniques while requiring a lower
memory footprint. The open source implementation of the proposed system is available
at: https://bitbucket.org/perl-sw/rvsm.

3.1 Introduction

Enriching geometric maps with semantic knowledge improves scene understanding, navi-
gation, and interaction abilities of robots. Current mobile robots rely on three-dimensional
(3D) maps for these ends. A 3D semantic mapping system requires to be not only accurate,
but also memory and computationally efficient so that it can be used in real robotic appli-
cations. In addition, the system needs to be scalable for long-term mapping experiments;
that is to say, the mapping system has the ability to reconstruct large maps on demand. In
particular, the latter feature is a necessity as the drift caused by odometry and tracking algo-
rithms is often rectified by loop-closures within Simultaneous Localization And Mapping
(SLAM) systems, resulting in discrete changes in the trajectory of the robot.

The most common approach to build a semantic map is using a voxelized represen-

tation of 3D space and undirected graphical models (such as Markov random fields) or
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(a) Proposed compressed 3D semantic mapping pipeline.
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(b) Pipeline proposed by [2].

Figure 3.1: The semantic mapping and fusion pipeline of RVSM, and a comparison with
the baseline [2]. Although the proposed system shares similar properties of the baseline
such as final voxel map representation and Bayesian updates per semantic class, it consists
of extra sparse model building step which allows for map compression and continuous
queries at any desired locations.

Conditional Random Fields (CRFs) to model the conditional independence between vox-
els [65]. CRFs are discriminative models that are suitable for spatial inference. However, a
primary drawback of these approaches is that the resulting representation is discrete from
the beginning. The map’s resolution is often fixed and once the map has been inferred from
raw sensory data, its resolution cannot be increased. Furthermore, although this approach
produces satisfactory local maps, to store a semantic map, all voxels have to store the label
distribution which requires substantial amount of memory and is not scalable.

In this chapter, we propose a semantic robotic mapping technique, shown in Fig. 3.1,

that can compress dense semantic information of the scene via sparse Bayesian mod-
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els [66], in particular, the Relevance Vector Machine (RVM), without or with minor com-
promise on prediction performance. While CRFs perform inference on fixed voxels after
the 3D space is discretized, RVMs are able to perform high-dimensional sequential infer-
ence directly on point clouds with prior distributions. After a Relevance Vector Semantic
Map (RVSM) is trained, we can uncompress the semantic information by performing ef-
ficient gueries any desired location. For application, RVSMs can be efficiently fused into
a semantic voxel map using Bayesian updates. In summary, the main contributions of the

present work are as follows:

1. We propose a compressed and continuous semantic map representation and integrate

it within a pipeline to construct semantic occupancy grid maps.

2. The open source implementation of the proposed system is available at:

https://bitbucket.org/perl-sw/rvsm.

3. We provide experimental results for evaluating the performance of the proposed
mapping technique using two publicly available datasets, namely, KITTI [67] and
NCLT [68].

The remainder of this chapter, after reviewing the related work in the following section,
is organized as follows. Section 3.3 explains the problem setup via sparse Bayesian model-
ing. Section 3.4 shows the proposed pipeline for compressed 3D semantic map inference.
The experimental results using two publicly available datasets are presented in Section 3.5.

Finally, Section 3.6 concludes this chapter and provides future work directions.

3.2 Related Work

We refer to prior distribution as the class distribution of each 3D point in the local frame
from 2D/3D semantic segmentation methods. Existing methods include performing pixel-
wise segmentation on 2D images, and then transforming them to the 3D space, or directly
performing point-wise segmentation for the raw 3D point cloud. In RVSM, the prior dis-
tribution over classes can be generated from both 2D segmentation and 3D raw point cloud
segmentation methods. In this work, we use the 2D semantic segmentation neural networks
from DeeplabV3+ [69] and Dilated Convolutional Neural Networks (CNN) [70].

3.2.1 2D Segmentation Methods

Advances in deep CNN for 2D semantic segmentation provide sufficient accuracy [32,69—

72] in both indoor and outdoor datasets [8,73]. In [74], the original point cloud is projected
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onto multiple camera views, each segmented with CNN, and then back-projected to the 3D
space. The label of a single point is decided by the class of the nearest back-projected 2D
pixel.

3.2.2 3D Raw Point Cloud Segmentation Methods

Qi et al. propose PointNet [75] that combines spatial feature blocks of points into a
point-wise representation. They further extend PointNet into large-scale scenes in [76],
by aggregating blocks of multiple scales and sharing features of neighboring points. Simi-
larly, local structures of different scales are exploited by performing hierarchical sampling
and grouping nearby points. SqueezeSeg in [77] also processes raw point clouds, but in-
stead of taking them as unstructured sets, SqueezeSeg spherically projects all points onto
a dense 2D image, which will be used as the network input. Furthermore, Landrieu and
Simonovsky [78] introduce attributed directed graphs as a form of compact point-group
representations, which can capture the contextual relations between neighboring objects.
Qi et al. [79] leverage 2D object detectors to find regions of interest in the projected 3D

point cloud, and then assigns labels to the frustum of each region using PointNet [75].

3.2.3 3D Voxel-based Semantic Map Fusion

After obtaining priors in local frames, fusing the predictions of nearby points from mul-
tiple frames produces a global semantic map. Early work in dense semantic mapping
back-projected labels from a segmented (2D) image to the reconstructed 3D points and
then assigned each voxel or mesh face to the most frequent label according to a label his-
togram [35, 80]. Bayesian frameworks have been utilized to fuse labels from multiple views
into a voxel-based 3D map. In [81], probabilistic segmentation of multiple (2D) images
obtained by Random decision Forests (RFs) were transferred into 3D and updated using
a Bayes filter. Xiang and Fox proposed DA-RNN [82], which integrates a deep network
for RGB-D video labeling into a dense 3D reconstruction framework built by KinectFu-
sion [83]. DA-RNN yields consistent semantic labeling of indoor 3D scenes; however, it is
assumed that semantic labels and geometric information are independent, and therefore, the
consistency largely depends on the performance of data association computed by Kinect-
Fusion. The 3D label fusion is done by updating a probability vector of semantic classes
and choosing the label with the maximum probability. Sun et al. [84] leverage recurrent
neural cells to fuse the label updates.

RVSM also does not directly fuse the prior distributions into the voxel map. Instead,

it compresses the priors into a sparse set of relevance vectors through training of local
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RVMs. Then, query results from an RVM is fused into the voxel map using Bayesian

updates similar to [2].

3.2.4 Semantic Mapping Refinement

In semantic mapping, structure prediction methods such as CRFs are used to improve the
map consistency in the 3D space. In [85], a voxel-CRF model is proposed to capture the
geometric and semantic correlation by constructing a CRF over the 3D volume. In [86], a
Kalman filter is used to transfer 2D class probabilities obtained by RFs to the 3D model;
then 3D labels are further refined through a dense pairwise CRF over the point cloud.
In [87], a higher-order CRF model is used to enforce temporal label consistency by gen-
erating higher-order cliques from superpixels correspondences in an RGB-D video, which
improves the precision of the semantic maps.

A common feature of the works mentioned earlier is the discretization of the space prior
to map inference. That is, once the map is inferred, the prediction cannot be computed at an
arbitrary point. In this chapter, we propose an alternative solution for the problem of dense
3D map building that is continuous and at the same time sparse. RVSM incrementally
learns relevance vectors which are dominant basis vectors in the data, and builds a sparse
Bayesian model [66] of the 3D map. As a result, the semantic information is compressed

into compact relevance vectors, and query can be made efficiently at any desired location.

3.3 Problem Statement

In this section, we formulate the semantic mapping problem, and introduce a sequential
sparse Bayesian learning algorithm to incrementally build a semantic map. Let X C R?
be the set of spatial coordinates for map inference and let C = {1,2,3,...,n.} be the set
of semantic class labels. A subset Z C X x C is the set of possible observations, where
an observation is a spatial coordinate associated with a semantic label. A set of existing
observations consists of an n,-tuple random variable (71, . . ., Z,,,) whose elements can take
values 2; € Z,i € {1: n,} where z; = [z;,t;]", 2, € X, and t; € C. The training set is a
subset of the observations, denoted by D C Z, where n; < n, is the number of training
points. Let M be the set of possible assignments of semantic maps, that is, all random
variables defined on X with values in C. A semantic map m € M of the environment
associates to each point z; in X’ a probability distribution over C. Given observations
z = (21, .., 2n.), we wish to estimate p(M =m | Z = z2).

To simplify the problem, we use one binary RVM classifier for each class and adopt a
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one-vs.-rest approach for building a n.-class classifier. Let x € X be a 3D input vector as
before taking the spatial coordinates of the raw point cloud. Given the existing observations
D = {(x;,t;) : t; € C}t,, for any new input x, the estimate of 2’s posterior probability
of class membership for each class ¢, € C, can be computed from the logistic sigmoid

function as follows:

pler = +1|D,z) = o(y(z;w)) = o Zw]d)] 2)) = o(p(z)w), (3.1)

7j=1

where y(z;w) is a linear model (linear in weights w) to approximate the latent function
of interest, and ¢(z) £ [¢1(),. .., ¢n, ()] is the kernel basis feature vector. The basis
vector ¢;(x) is replaced with a vector of kernel functions k(z1, z;), ..., k(zy,,, z;), where
k(-,-) evaluates the similarity between two inputs by implicitly mapping them to a feature
space [88].

The objective is to learn an optimized weight vector w as well as the number of basis
vectors ny, such that it generalizes well to new inputs x, (test data). When a significant
portion of weights becomes small or zero, the linear model becomes sparse [89].

For better generalization, regularization in the form of zero mean Guassian Distribution
on weights is added to encourage the target function to be smooth and infer which input
vectors are relevant [50]. Instead of computing a point estimate for the weights, a Bayesian

predictive framework infers the posterior distribution over w via Bayes’ rule:

p(tlw)p(wla)

p(tle)

Here, p(t|w) is the likelihood of the observations in the form of a Bernoulli likelihood

p(wlt,a) = (3.2)

p(tlw) = Ha y(ziw))" 1 — o (y(zi;w)]' ", (3.3)

p(tle) = [ p(tlw)p(wle)dw is the marginal likelihood, and p(w|c) is the zero mean Gaus-

sian prior defined over w using the principle of ARD [50],

- 1/2 ajw?
p(wla) = (2m) "2 [ T aj exp(——) (3.4)
j=1
with the inverse variance hyperparameter o = [ay,...,ap,]". Bach «; is individually

controlling the effect of the prior over its associated weight w;. During inference, many

of these hyperparameters approach infinity, that is the posterior distributions of their as-
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sociated weights are peaked around zero. Consequently, only a few basis functions with
non-zero weights survive in the final classification model, resulting in a sparse model. The
basis functions that survive are called relevance vectors [90], forming a sparse representa-
tion of the semantic map. The most-probable weights w* can be estimated iteratively with

an approximate inference strategy [66]:

ne

1
w* = argmax Y [t;logy; + (1 — 1) log(1 —y)] — Sw' Aw, (3.5)
where A £ (v, ..., q,,) and y; = o(y(z;;w)) is the prediction on the j-th observation

point cloud. Then the Laplace approximation method provides a locally Gaussian approx-

imation of the weight posterior around w* ~ N (i, X):
p=A"10T(t—y), Y=(0'Bd+ A", (3.6)

Where q)ni é ¢z($n), B é (51) s 75711:)7 and ﬁl é U(yz)[l - 0(:%)]

3.4 Compressed 3D Semantic Mapping Pipeline

As shown in Fig. 3.1, the compressed semantic map inference system comprises three
steps: compress (), query () and fusion (). In the following, we describe each step
briefly.

e compress (): As described in (3.5) and (3.6) in Section 3.3, compress () takes
prior semantic predictions for the point cloud as the input, and outputs the sparse
relevance vectors for each class as the compressed semantic map representation. The
prior semantic predictions as existing observations either come from back-projecting
2D image segmentation to 3D or from raw 3D point cloud segmentation. These ob-
servations are used to train the internal relevance vector machine for each frame, and
infer the weight parameters of the corresponding classification model. The resulting

sparse relevance vectors store the semantic information of the entire map.

* query (): In order to generate a semantic voxel map with a certain resolution, we
query at occupied locations in an occupancy grid map using the classification predic-
tion model in (3.1) obtained from compress (). Thus, the input of this stage can
be the centroids of the occupied voxels (if we discard all the priors to reduce memory
consumption), or simply the points in the previous observations (for maximum pos-

sible accuracy). Given the spatial coordinates of those query points, we obtain the
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probability of each class. At the end of this stage, we can already build a posterior

semantic point cloud map.

e fusion (): With the resolution chosen as above, we can fuse the prediction re-
sults from query () for sequential frames using grid mapping systems such as Oc-
toMap [14] and scrolling occupancy grids in [91]. To integrate semantic information
into the grid, we store the distribution for each class in all the voxels and adopt a
recursive counted averaging label update. A voxel’s probability distribution of se-
mantic labels is obtained as follows: Given n points that already fall into the voxel,
with its current label distribution being p(™, when a new point with label distribution
of p,.,, falls into this voxel, the updated distribution for the voxel can be computed
as p" ™V oc np™ +p,.,,. Finally, the color of each voxel is decided by the label with

maximum probability.

3.5 Results and Discussion

We evaluate the semantic prediction performance and multi-resolution query ability of the
proposed semantic mapping method with two publicly available datasets, dense point-
cloud from the stereo camera on KITTI [67] and sparse pointcloud from the laser scans
on NCLT [68].

3.5.1 Evaluation Metrics

To evaluate the semantic prediction accuracy of RVSM and compare with the state-of-the-

art semantic mapping systems, three metrics are used to quantify the results, i.e., Recall

e . o TP . . _ TP ; 1
(Sensitivity) = 75 mx PN Precision = 7p-5p ol and Mean Intersection over Union (mloU)
_ T - :

= Tprrngrp. e calculate these metrics for each semantic class and report the class

average results.

3.5.2 KITTI Dataset
3.5.2.1 Experimental Setup

The KITTI odometry dataset consists of 22 outdoor-scene stereo sequences recorded by
a sensor mounted on a driving vehicle. We evaluate our method on 25 test images from
sequence 15 with labelled data [5].

We choose a CRF optimized 3D semantic occupancy mapping system [2] as our base-

line, and quantitatively compare our results with it. The baseline back-projects a 2D con-
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Table 3.1: KITTI Experiment RVM Model Selection: We run sequential RVM inference for
500 iterations per class on 0.01 of the training data. The current kernel and hyperparameters
are chosen by using a sample data and training a Gaussian process [9].

Kernel Length-Scales (z, vy, z) Signal Variance  Iterations = Downsample Rate

Matern (v = 5) [9] (1.3452,1.2746,1.9771) m 2.2133 500 0.01

volutional neural network segmentation to 3D as the prior prediction, and directly fuses the
prior from multiple views into a scrolling occupancy grid map [91] by a Bayesian update
procedure. After the grid map is built, higher-order CRFs are utilized to optimize each
grid’s label with the assumption that the labels of voxels corresponding to a superpixel are
consistent.

In our comparison, we adopt the same data pre-processing as the baseline. We first use
LIBELAS [92] to generate dense and accurate depth maps from rectified graylevel stereo
pairs. By projecting depth maps to 3D space, discarding points further than 40m away, we
obtain dense point clouds as the training data for RVSM. To obtain the prior, we use the
same network as adopted by the baseline, Dilated CNN [70], which is trained on KITTI
data from another sequence, and back-project the 2D segmentation to 3D. After the rele-
vance vector machine is trained for each frame, we attach each relevance vector machine to
a pose obtained using ORBSLAM?2 Stereo [93]. At this point, we have the compressed and
continuous semantic map representation RVSM in the global coordinate frame. For eval-
uation, we uncompress the RVSM by fusing the query points into the scrolling occupancy
grid map. As described in Section 3.4, queries can be done at any occupied location with
any resolution.

We compare the prediction results for 7 common semantic classes, i.e., building, vege-
tation, car, road, fence, sidewalk, pole. As our baseline, we project all labelled grids onto
the camera image plane, ignoring grids that are further than 40m away from the camera,
and evaluate them using 2D ground truth labels. Sky labels are discarded when evaluating
due to the inaccurate depth values. RVM model selection in this experiment is described in
Table 3.1.

3.5.2.2 Qualitative Results

We demonstrate the advantage of RVSM over the semantic prior map (directly transferring
labels from 2D to 3D), and a semantic map optimized by CRF [2]. Fig. 3.2 is generated
by projecting the grid map into the camera image plane. Due to the small size of the sign

and the color similarity of the pole and building in the raw RGB images, the prior map is
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Figure 3.2: Example of KITTI Sequence 15 after projecting the occupied voxels from the
semantically fused grid map to the camera image plane: From the top down are RGB
image, prior result, CRF [2] result and RVSM result, respectively. RVSM is able to capture
the traffic sign in the left image, and the pole in the right image.

unable to discriminate them from the background. The CRF optimized map is also unable
to recover the correct labels completely due to inaccurate superpixel segmentation when
the objects become small in the input images. RVSM, on the other hand, which builds
the inference model before fusing the semantics and discretizing the space, successfully
recovers the correct labels for even detailed objects.

We also show the continuity of RVSM in Fig. 3.3 by querying voxel centroids of grid
maps with multiple resolutions. We build the RVSM from prior prediction for one frame.
After the RVSM is built, the semantic information of the scene is compressed in the format
of several relevance vectors. Due to RVSM’s continuity property, we can build grid maps

afterwards with any desired resolution depending on the applications.

3.5.2.3 Quantitative Results

In this section, we quantitatively evaluate the proposed technique in terms of overall per-

formance, multi-resolution performance, and compression ability, as well as comparing it
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Figure 3.3: Query for different resolution. From (a) to (d): map resolution changes from
0.1 mto 0.4 m.

with other approaches.

Comparison on overall performance: We compare the overall semantic prediction per-
formance with the prior map and the CRF map [2] for each class using three metrics: recall,
precision and IoU. We build three grid maps for the first 100 frames in sequence 15, and
project the grids into 25 images with ground truth for evaluation, discarding points that are
further than 40m away from the camera for all approaches. For CRF map, we use the code
provided by the authors. The quantitative results are given in Table 3.2. Average represents
the mean over all the classes. Although the RVSM is compressed, it still outperforms other
maps on average recall and mean IoU while has comparable precision.

Comparison on multi-resolution performance: Using the same setup as above, we
change different grid sizes, ranging from 0.1m to 1m when fusing semantic query results
for the occupancy map for the prior, the baseline and RVSM, as shown in Fig. 3.4. The
RVSM compression is done once and the relevance vectors are held fixed for different res-
olutions, while in the baseline’s result one CRF post-processing is applied for each different
resolution. Except for a grid size of 0.9m, RVSM demonstrates better overall IoU on all
other grid resolutions.

Compression evaluation: Table 3.3 shows the compression and query results for the
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Table 3.2: Quantitative results on KITTI odometry sequence 15 test set [5] for 7 semantic
classes, containing 25 ground truth images. The query points of RVSM are chosen to be at
all the observed prior locations.

Average

Metric Method

PriorMap 982 99.2 98.6 914 963 828 582 89.2
Recall CRFMap 982 985 987 91.6 96.0 86.0 58.0 89.6
RVSM 977 989 982 945 960 850 70.0 914

PriorMap 86.5 889 81.0 745 765 76.7 58.0 774
Precision CRFMap 883 914 805 76.1 73.0 76.8 56.7 177.6
RVSM 884 90.6 80.6 771 75.1 772 516 772

PriorMap 852 883 80.0 69.6 743 66.2 409 72.1
IoU CRFMap 869 90.2 79.7 712 709 682 402 725
RVSM 86.6 89.7 794 1739 728 70.0 423 73.3

— RVSM
—==CRF Optimized Map
= =Prior Map

0.72p = o

T
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mloU

0.68 -
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Figure 3.4: mloU at different resolutions for Prior, CRF, and RVSM. RVSM’s only does one
query on the prior points’ spatial coordinates and generates the map for all the resolutions.
Here the resolution means the size of the voxel. When the resolution decreases, more points
(possibly with different labels) fall into one voxel, resulting in a lower mloU value. The
larger the voxels are, the more loss of information comes from CRF’s discretization. On
the contrary, RVSM performs compression before voxel map fusion, which preserves local
semantic consistency better as opposed to post-processing.
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Table 3.3: KITTI sequence 15 compression test for the frame 0-30. The mloU is evaluated
on the 15 ground truth images. In the compression experiment, query points are the cen-
troids of the occupancy grid. Priors are discarded after the relevance vectors are obtained,
thus RVSM does not have access to prior locations, but only to the positions of centroids in
the occupancy grid.

No. of No. of points/ (Estimated) Size of
Method mloU  occupied voxels voxels with labels semantic voxel maps
Prior Map  73.6 2499662 2499662 109.985MB
RVSM 72.2 2499662 473 40.002MB

first 31 frames in KITTI Sequence 15. Every third frame is used as a prior; we transform
them into the global frame for RVSM compression. After obtaining 473 relevance vectors
for all classes, we query on the voxel centroids of the corresponding occupancy map of
resolution 0.1m for every frame, and store the query results into the scrolling semantic
occupancy map. In the table, the mloU is evaluated on the 15 images that have ground
truth of the total 31 prior images. The number of occupied voxels is computed from the
scrolling occupancy map, counting how many of the voxels have adequate occupancy log
likelihood. If the map fusion works directly on the priors such as the baseline, we would
need to use the same number of voxels to store the distribution of all the classes in the map,
one for each voxel. In contrast, RVSM only stores the relevance vectors, resulting in a more
compact way of storing semantic information.

The estimated size of the semantic map is computed as follows:

* N,: Number of occupied grid cells. Each grid cell has 4 floating point numbers,

(x,y, z, occupancy)

* ny: Size of a floating point (in Bytes)

N,: Number of grid cells that have semantic label distribution

n.. Number of semantic classes

N,.: Number of relevance vectors.

With these definitions, the size of the semantic maps fused directly from the prior can be
computed by N, x (ny x 4) + N, X (nf X n.). Meanwhile, the size of the semantic maps
generated by fusing RVSM queries is N, x (ny x 4) + N,, X (ny x 4). The second term
is changed because RVSM computes the class of a voxel by (3.1), while each relevance

vector v has 4 floating base numbers: (z,, y,, z,) and weight w,,.

37



Table 3.4: NCLT Experiment RVM Model Selection: We run sequential RVM inference
for 1000 iterations per class on 0.05 of the training data. The current kernel and hyperpa-
rameters are chosen by using a sample data and training a Gaussian process [9].

Kernel Length-Scales (z, vy, z) Signal Variance  Iterations = Downsample Rate

Matern (v = 5) [9] (3.8096, 3.8096, 1.9090) m 0.8 1000 0.05

On this test sequence, RVSM has over 60% less memory consumption than directly
fusing the map, at the cost of 1.4% mloU drop. This is an interesting tradeoff when building

autonomous systems that are much smaller than a passenger car, such as a bipedal robot.

3.5.3 NCLT Dataset

To evaluate the RVSM’s performance on a sparse LiDAR point cloud, we use the NCLT
dataset [68]. It contains 27 sequences collected on the University of Michigan’s North
Campus, with synchronized Velodyne HDL-32E 3D LiDAR, an omnidirectional Ladybug3
camera, and proprioceptive odometry sensors [68]. To obtain ground truth semantic labels,
we deployed LabelMe [94] annotation tools on Amazon Mechanical Turk and labeled 1194
training and 457 validation segmented images from NCLT’s Ladybug3 camera. Each image
frame is synchronized with one laser scan, covering the full 360° field of view. Projection
of LiDAR points onto the segmented images yields their labels. The labeled classes are:
background, water, road, sidewalk, terrain, building, vegetation, car, person, bike, pole,
stair, sign, and sky. We perform a qualitative experiment on a subset of the 2012-04-29
sequence, as shown in Fig. 3.5.

The data processing pipeline is similar to the KITTI experiment except for the way of
obtaining priors and the tool used for map fusion. The prior distributions of the LiDAR
pointcloud are obtained from a 2D deep neural network generating predictions from the
omnidirectional camera. Starting from the pretrained weight from Cityscapes, we fine-tune
the 2D segmentation network DeeplabV3+ [69] on the training set and reached 0.553 mloU
on the 2D validation set. Given NCLT’s camera-LiDAR transformation, for each LiDAR
scan, we project it onto the five image planes of the Ladybug camera, so as to obtain the
LiDAR point’s prior distribution. Transformed by NCLT’s ground truth poses, these priors
are compressed into RVSM and then fused into a semantic OctoMap, which is the regular
occupancy OctoMap [14] equipped with Bayesian label fusion. RVM model selection for
NCLT experiment is given in Table 3.4.

Figure 3.5 shows a satellite view of the route from Google Earth and the corresponding

RVSM predictions. Here we use a grid size of 0.2m for the semantic OctoMap. The result
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Figure 3.5: RVSM semantic map fusion on NCLT subsequence 2012-04-29. Left: The
satellite view of the path from Google Earth. Right: Semantic OctoMap fusion result after
querying from RVSM.

shows the ability of RVSM to recognize and reconstruct most of the categories in a large-
scale mapping application. It also demonstrates the feasibility of RVSM on sparse LiDAR
data.

3.6 Conclusion and Future Work

We proposed a compressed 3D semantic map representation that exploits sparse Bayesian
modeling and a pipeline to build 3D semantic occupancy grid maps. We compared the pre-
diction performance with other 3D semantic mapping systems and showed the continuity
and compression properties of the proposed map representation. The experiments showed
the proposed RVSM has comparable performance with the state-of-the-art techniques while

requiring a lower memory footprint. The proposed semantic mapping system can be used
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in robotic applications where the semantic prediction needs to be made efficiently with
limited onboard resources.

In the future, we are interested in generalizing the likelihood to the multinomial distri-
bution to integrate an inherently multi-class classifier into the RVSM framework. The opti-
mization of the hyperparameters and model selection (selection of the best kernel) are also
interesting future directions. In the current implementation, the hyperparameters (param-
eters of the kernel) are optimized using a sample dataset and training a Gaussian process.
While this method produces the presented results, the joint optimization of the hyperpa-

rameters during RVM training is more convenient.
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CHAPTER 4

Bayesian Spatial Kernel Smoothing for Scalable

Dense Semantic Mapping

This chapter develops a Bayesian continuous 3D semantic occupancy map from noisy point
clouds by generalizing the Bayesian kernel inference model for building occupancy maps,
a binary problem, to semantic maps, a multi-class problem. The proposed method provides
a unified probabilistic model for both occupancy and semantic probabilities and nicely
reverts to the original occupancy mapping framework when only one occupied class exists
in obtained measurements. The Bayesian spatial kernel inference relaxes the independent
grid assumption and brings smoothness and continuity to the map inference, enabling to
exploit local correlations present in the environment and increasing the performance. The
accompanying software uses multi-threading and vectorization, and runs at about 2 Hz on
a laptop CPU. Evaluations using multiple sequences of stereo camera and LiDAR datasets
show that the proposed method consistently outperforms current baselines. We also present
a qualitative evaluation using data collected with a bipedal robot platform on the University

of Michigan - North Campus.

4.1 Introduction

Robotic mapping is the problem of inferring a representation of the robot’s surroundings
using noisy measurements as it navigates through an environment. This problem is tradi-
tionally solved using occupancy grid mapping techniques [14, 18, 19]. As robotic systems
move toward more challenging behaviors in more complex scenarios, such systems require
richer maps so that the robot understands the significance of the scene and objects within.
Hence, the integration of semantic knowledge into the map has been the focus of robotic
research in recent years [2,46,47,95-97].

A semantic occupancy map as shown in Fig. 4.1, besides possessing properties similar

to an occupancy grid map, maintains for each cell a set of probabilities of semantic classes.
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Figure 4.1: Qualitative results on KITTI odometry sequence 05 dataset [3]. From top to
bottom the figures show the 2D ground truth image, 3D semantic map, and variance map.

These probabilities are often updated using a Bayes filter [2,81], and then Conditional Ran-
dom Fields (CRF) or Markov Random Fields (MRF) are subsequently applied to mitigate
discontinuities and inconsistencies in the semantic map [2,46,47,85,87]. In principle, CRF
models encourage label consistency among neighboring grids in super-voxels [46] or 2D
superpixels [2,87]. However, CRF optimization is only applied as a post-processing step,
and therefore, it is unable to predict semantics of partially observed regions in the map.

Occupancy grid maps assume the grids are statistically independent. However, a se-
ries of investigations on continuous occupancy mapping shows that taking local spatial
correlations into account increases mapping performance [98—105]. Building on a similar
idea, continuous semantic maps [106, 107] can deal with sparse sensor measurements by
inferring semantics of partially observed regions from neighboring measurements. Recent
work on Bayesian generalized kernel inference for occupancy map prediction (BGKOc-
toMap) proposed in [105] uses a kernel inference approach to generalize the counting sen-
sor model [108] to continuous maps while maintaining the scalability of the method.

In this chapter, we extend BGKOctoMap [105] to continuous semantic mapping where
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the inference reverts to the original framework when only one occupied class exists. In

particular, the contributions of this chapter are:

1. We develop a continuous statistical model for semantic occupancy mapping which
models occupancy and semantic probabilities in a unified framework and queries can

be made at any resolution;

2. We provide an open-source implementation of the proposed method. The current
implementation exploits multi-threading and vectorization and can be run at about 2

Hz using a laptop CPU;

3. We present extensive experiments using both stereo camera and LiDAR data. The
evaluations show that the proposed method consistently outperforms state-of-the-art

systems.

Related work is given in Section 4.2. Section 4.3 presents preliminaries and semantic
counting sensor model. Section 4.4 describes an extension to continuous mapping. Ex-
perimental results are presented in Section 4.5. Limitations of this work are discussed in

Section 4.6 and Section 4.7 concludes the chapter.

4.2 Related Work

Discrete 3D Semantic Mapping. Early semantic mapping work uses traditional pixel-wise
image segmentation methods and directly transfers image labels from 2D to 3D. Labels
from multiple images are fused in 3D without any further 3D optimization [5, 80, 81].
He et al. [80] build a semantic octomap by using an MRF for image segmentation and
selecting the most frequent label of the 3D points inside each grid. Sengupta et al. [5]
build a semantic volumetric map by adopting a CRF for 2D semantic segmentation and
assigning labels by a voting scheme. Stiickler et al. [81] use random decision forests to
segment object classes in images and fuse soft labels in a voxel-based 3D map using a
Bayesian update. While these methods are similar to our semantic counting sensor model
in a way that the maximum of semantic labels in a 3D element is picked in label fusion,
the latter is a closed-form Bayesian inference which outputs the mean and variance of the
posterior.

To deal with noisy 2D predictions, 3D CRF optimization has been introduced as a re-
finement technique and it is widely applied in 3D semantic mapping [47, 85, 109]. In [3,
46, 87], a higher-order dense CRF model is used to further optimize the semantic predic-

tions for 3D elements. Basic CRF models encourage label consistency for adjacent 3D

43



elements, while higher-order dense CRFs can model long-range relationships within a re-
gion, such as grids in super-voxels [46] or grids corresponding to 2D superpixels [87],
and further improve the mapping performance. More recent work uses deep Convolutional
Neural Networks (CNNs) for 2D image segmentation, and follows the same framework
for building 3D semantic maps [2, 110]. However, CRF optimization post-processes the
inferred occupied grids, which does not change the principle of discrete semantic map
inference. In [111], a semantic Simultaneous Localization and Mapping (SLAM) sys-
tem, SuMa++, builds a surfel-based semantic map using SemanticKITTI dataset [6] as its
byproduct. However, surfel-based maps do not model occupied or free space, thus are not
used for robot navigation.

Continuous Mapping. Gaussian Process Occupancy Map (GPOM) [98] takes into
account the correlation between map points and treats the map inference as a binary classi-
fication at an arbitrary resolution. Hilbert maps [102] are more scalable and can be updated
in linear time where a logistic regression classifier is trained online through stochastic gra-
dient descent. GPOM has been extended from binary to multi-class case in [106]. However,
the complexity of the model grows with the number of data points, resulting in O(n?) cost
without approximation. The cost also grows with the number of semantic classes as a one-
vs.-rest approach is used to build the multi-class classifier. Similarly, Hilbert maps can also
be extended to the multi-class maps using a multinomial model. However, as discussed
in [105], the logistic regression classifier used by Hilbert map-based approaches does not
provide associated uncertainties in probability estimates.

Bayesian Kernel Inference. Bayesian Kernel Inference (BKI) was introduced in [112]
as an approximation to Gaussian processes that requires only O(log N') computations in-
stead of O(N?), where N is the number of training points. It generalizes local kernel
estimation to the context of Bayesian inference for the exponential family of distributions.
Instead of approximating inference on the model, the approximation is made at the stage of
model selection. Assuming latent training parameters are conditionally independent given
the target parameters, exact inference on this model is possible for any likelihood function
from the exponential family. In [113], BKI is successfully applied to a visual odometry
problem for modeling sensor uncertainty. In [114], BKI has been used on a Bernoulli-
distributed random event with Beta-distributed prior to model collision in safe high-speed
navigation problems and could achieve safe behavior in a novel environment with no rel-
evant training data. BKI was first used in the context of mapping problems in [104, 105],
to generalize the discrete counting sensor model [108] to continuous occupancy mapping.
Later, the applications of BKI in elevation regression and traversability classification are

explored in [115]. Inspired by these works, we apply BKI in our semantic counting sensor
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model and generalize it to continuous semantic mapping. In particular, we use BKI on a

Categorical likelihood with a Dirichlet distribution as its conjugate prior.

4.3 Preliminaries and Semantic Counting Sensor Model

The counting sensor model describes occupancy probability via a Bernoulli likelihood
function. It counts for each grid how often a beam has ended in that grid and how often
a beam has passed through it. This model has comparable performance to Bayesian up-
dates in occupancy grid mapping [116]. The semantic counting sensor model is its natural
generalization from occupancy (binary) mapping to semantic (multi-class) mapping.

Let £ = {1,2, ..., K} be the set of semantic class labels, i.e., K categories, and X' C
R3 be the map spatial support. For any map point z; € X, we have a one-hot-encoded
measurement tuple y; = (7, ..., yX), where y¥ > 0 and 3.~  y¥ = 1. In practice, y; is
the output of a max function computed using the output of a deep network for multi-class
classification. The training set (data) can be defined as D := {(z;, v;)} Y ,.

Assuming map cells are indexed by j € Z*, the jth map cell can take on one of
K possible categories with the probability of each category separately specified as ¢; =
(0]1-, ey QJK ), where Z,I::l 9? = 1. The jth map cell with semantic probability ¢; is described

by a Categorical distribution as:

K
p(uil6y) = T (69" . @.1)
k=1
In semantic mapping, we seek the posterior over 6;; p(6;|D).
For incremental Bayesian inference, we adopt a Dirichlet prior distribution over 0;,
given by Dir(K, ap), as the conjugate prior of the Categorical likelihood, where oy =
(ad, ..., o), af € R* are concentration parameters (hyperparameters). Applying Bayes’

1 K

rule, the posterior is given by Dir(K, «;), a; = (aj, o O ), where 04;? is

of=af+ >y (4.2)

i, x; in cell j
k
J
cate the kth category, we call this model the Semantic Counting Sensor Model (S-CSM).

Because o} counts the number of measurements which falls into the jth cell and indi-

Given concentration parameters «;, the mode of 6; has the following closed form, which is
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also the maximum-a-posteriori estimate of ¢;:

it oz?—l

——J — ando® > 1. 4.3
’ Z?:l O{’; - K ’ 4

We also have the closed-form expected value and variance of ¢; as follows:

k k
i

Oél? ;—ja’?(l Ry a’?)
E[0}] = —x~— and V[¢}] = ZZK kz’“ll . (4.4)
k=14 k=1 T

We use (4.2) to calculate the parameters of the posterior Dirichlet distribution for cell 7 and
given the posterior parameter «;, the statistics of cell 7 can be computed by (4.3) and (4.4).

For free-class measurements, we use free-space points linearly interpolated along each
sensor beam. We note that in the particular case when /K = 1 represents the free-space
class and K = 2 represents the occupied class, the semantic counting sensor model nicely
reverts to the original counting sensor model.

However, the semantic counting sensor model inherits the traditional occupancy grid
mapping limitations because the posterior parameters for each cell are only correlated with
measurements that directly fall into or pass through that cell. To mitigate this shortcoming,
we use BKI to convert the discrete semantic counting sensor model to a continuous model

by taking into account local correlations in the map.

4.4 Continuous Semantic Mapping via Bayesian Kernel

Inference

Bayesian kernel inference, as introduced by Vega-Brown et al. [112], relates the extended
likelihood p(y; |0+, z;, z.) and the likelihood p(y;|0;) by a smoothness constraint, where 6,
is the value of the latent variable for the query point x,. In this framework, the maxi-
mum entropy distribution g, satisfying Dy (¢||f), has the form g(y) o f(y)*®*), where
Dxy1.(+]]-) is the Kullback-Leibler Divergence (KLD), and k(-, ) is a kernel function. Let
g be the extended likelihood and f the likelihood, we define a smooth distribution over
semantics as having bounded KLD between the two distributions. Given a kernel function

operating on 3D spatial inputs k : X x X — [0, 1], we have
N N

[Pl i, 2.) oc T p(yil6) 2. (4.5)

=1 i=1
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Using Bayes’ rule, we can write
p(Oi|zs, D) o< p(D0s, 2. )p(O] ), (4.6)

and by substituting (4.5) into (4.6), we have:

p(b.|z., D [Hp yil6.)* >] p(6s].). (4.7)

We adopt the Categorical likelihood and place a prior distribution Dir(K, ag) over 0,.
Subsequently, (4.6) becomes:

[T

k
] k=1

=1

p(0i]zs, D) [H [H (6%)"

K

gr) BBk (4.8)

k=1

which is proportional to the posterior Dir(K, ) where a, = (al, ..., o) is defined as

* 7 )

N
oaf = af + Z (., z;)yr. 4.9)
i=1

The mode, mean, and variance for the continuous model can be computed exactly as given

in (4.3) and (4.4).
Compared with (4.2), (4.9) not only considers measurements which fall into a cell but
also adjacent measurements with a weighting coefficient defined by the kernel function,
i.e., the distance to the query point. We note that the kernel neither needs to be positive-

definite nor symmetric. To reduce the computational complexity, we choose the sparse
kernel [117] as

o) = 0B @ eos @)= )+ frainnd))] ifd <!
' ifd>1

where d = ||z — 2/||, I > 0 is the length-scale, and oy is kernel scale parameter (signal
variance).

The derived continuous semantic model can deal with sparse and noisy sensor measure-
ments better and allows for queries at an arbitrary resolution. In the context of semantic

occupancy mapping, the query points are chosen to be the grid centroids. Thus, (4.9) can be
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(d)

Figure 4.2: 3D toy example on a simulated dataset. (a) Environment model in Gazebo.
(d) Annotated point cloud raw data. (b), (¢) Semantic and variance map of S-CSM. (c),
(f) Semantic and variance map of S-BKI. Variance maps of two models (shown using the
jet colormap) provide useful information for robotic navigation and exploration [4]. We
found that Bayesian kernel inference decreases the variance of the wall by considering
neighboring measurements. There are some artifacts, however, on the periphery of the wall
where the variance is relatively high.

used to recursively update the posterior parameters for each grid. We use a block to contain
a number of grids according to the block depth, where each block is an octree of grids. For
every block of test data, the corresponding training data is comprised of all portions of the
new measurements that pass through the block’s extended block [101], which is defined as
the set of neighboring blocks with faces adjacent to the block containing the test data of

interest.

Example 2 (Three-dimensional Toy Example) Figure 4.2 illustrates a three-dimensional
toy example of the continuous semantic mapping via Bayesian kernel inference using a
simulated dataset made in Gazebo, with annotated semantic labels. The simulated dataset
has dimensions 10.0 x 7.0 x 2.0m. We manually annotate the raw data into three semantic
classes: ground, wall, and cylindrical obstacles. Semantic occupancy maps with resolution
0.05 m for both S-CSM and Semantic Bayesian Kernel Inference (S-BKI) models are built
using the annotated point clouds as sensor measurements. The figure shows that S-CSM

can reconstruct the 3D environment with correct semantic information but has a limited
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Table 4.1: Kernel and Dirichlet prior hyperparameters for all experiments.

Hyperparameter Description Value
l Kernel length-scale 0.3 m
0o Kernel scale 0.1

af Dirichlet prior 0.001

predictive capability where sensor coverage is sparse. The S-BKI map can interpolate the

gaps in the walls due to the continuity and smoothness of Bayesian kernel inference.

4.5 Experimental Results

We now present experiments for evaluating semantic segmentation accuracy, occupancy
prediction accuracy, and the impact of parameters using multiple real datasets. We also
compare the proposed methods with state-of-the-art systems and present a qualitative eval-
uation using data collected with a bipedal robot. The C++ implementations of the pro-
posed methods are available open source !, and make use of the Learning-Aided 3D Map-
ping Library [105], the Robot Operating System (ROS) [118], and Point Cloud Library
(PCL) [119]. The parameters in Table 4.1 were manually tuned but remained fixed through-
out all experiments. For baselines, we used the available open-source implementations
without any modification. All experiments are conducted on an Intel 17 processor with 8
cores and 32 GB RAM.

4.5.1 KITTI Dataset

KITTTI dataset with semantically labeled images contains 40 test images from sequence
05 [3], and 25 test images from sequence 15 [5] in KITTI odometry dataset. We qual-
itatively and quantitatively compare the mapping performance of our methods with the
state-of-the-art CRF-based semantic mapping system proposed by Yang et al. [2]. How-
ever, Yang’s method only predicts semantic labels on occupied voxels using a discrete
occupancy grid mapping algorithm. For a fair comparison with respect to the occupancy
model, we implement another baseline, BGKOctoMap-CRF 2, by replacing Yang’s dis-
crete occupancy grid map with the continuous BGKOctoMap, and then applying the same

hierarchical CRF model to refine the voxel labels.

'https://github.com/ganlumomo/BKISemanticMapping
Zhttps://github.com/zeroAska/BGKOctoMap-CRF
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We adopt the same data pre-processing methods as used by Yang et al. [2]. We use
ELAS [120] to generate depth maps from stereo image pairs, ORB-SLAM [121] to esti-
mate 6DoF camera poses, and the deep network dilated CNN [122] for prior semantic label
predictions. The superpixels used in Yang’s CRF module and BGKOctoMap-CRF are gen-
erated by the SLIC algorithm [123]. The common parameters for occupancy mapping in
all methods are set according to Yang’s work: the resolution of 0.1 m, free and occupied

thresholds as 0.47 and 0.6, respectively.

4.5.1.1 Qualitative Results

The 3D view of the semantic map built by S-BKI model is given in Fig. 4.1. Our approach
is able to recognize and reconstruct general objects such as road, sidewalk, building, fence
and vegetation. We also show the same view of the corresponding variance map of S-
BKI in Fig. 4.1. Most of the grids on the surface have relatively low variance (cyan); the
middle grids have the lowest variance (blue) where the sensor measurements are dense,
while the grids on the margins of sensor scans show relatively high variance (red) where
the sensor measurements are sparse. It can also be noticed that the uneven parts of the road
in the semantic map have high variance, which might be caused by the discontinuity of the
estimated camera poses.

We also found that a small portion of grids of the fence on the left side are misclassified
as vegetation, where the corresponding variance is high. This nice property enables us to
reject misclassified grids by setting a variance threshold. If the variance is too high, we
can regard the state of the grid as unknown and thus build safer semantic maps for robot
navigation. To compare the mapping performance, we project semantic maps onto 2D left

camera views and compare with 2D ground truth images as shown in Fig. 4.3.

4.5.1.2 Quantitative Results

We follow the evaluation method given in [2] by projecting 3D semantic map onto the 2D
left image plane, ignoring voxels that are too far from the camera (40 meters for all the
methods), and calculating the standard metric of Intersection over Union (IoU) based on
labeled ground truth left images. IoU is defined as TP/(TP+FN+FP), where T/F P/N stands
for true/false positive/negative.

Yang et al. [2] exclude the data that has not been projected onto images (gray color in the
projected images), even when there exists corresponding ground truth data of it (as shown
in the ground truth images in Fig. 4.1). For a fair comparison, we follow this approach for

all methods and call it IoU Exclusive. However, this evaluation ignores the classification
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Figure 4.3: Qualitative results on KITTI odometry sequence 05 dataset [3]. From (a) to (d)
the figures show 2D projected images from Yang et al. [2], BGKOctoMap-CRF, S-CSM
and S-BKI, respectively. The projected image from Yang’s semantic map contains more
gaps than other maps, compared with the ground truth image where the road, buildings, and
vegetation are continuous and dense, while the projected image of S-BKI has the least holes
in those regions, which resembles the ground truth better. BGKOctoMap-CRF outperforms
Yang’s method, in spite of the misclassification of the sidewalk to road.

error of gaps in the map, and cannot show the advantage of continuous mapping. Therefore,
we compute a more rigorous loU by taking all projected data except the sky class into
account.

The quantitative results are given in Table 4.2 and 4.3, where the two metrics are
computed. For this experiment, the average runtime of Yang’s method is 4.41 sec/scan,
BGKOctoMap-CRF is 1.10 sec/scan, S-CSM is 0.75 sec/scan, and S-BKI is 0.36 sec/scan.
S-BKI has the highest IoU among almost all semantic classes compared with other maps,
and S-CSM is the second-best method. We reiterate that the IoU Exclusive is not a rea-
sonable metric for mapping performance evaluations; nevertheless, S-CSM and S-BKI still
outperform the compared baselines using this metric. In the latter case, as expected, S-CSM
and S-BKI perform similarly.

BGKOctoMap-CRF has a higher IoU than Yang’s method because of the continuous oc-
cupancy model of BGKOctoMap. The gaps in the measurements are interpolated and CRF
fills the labels from adjacent voxels. S-CSM outperforms both CRF-based methods, be-
cause even if the 3D CRF model further optimizes the grid labels, it is only post-processing
pre-calculated occupied grids and, therefore, it cannot recover the correct semantic labels
for misclassified occupancy or unknown grids. Specifically, even if BGKOctoMap-CREF is
a continuous model for occupancy, it is not continuous for semantics and color. Thus, the
predicted occupied voxels might not contain observation of semantics and color, leading to
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Table 4.2: Quantitative results on KITTI odometry sequence 05 test set [3] for 8 common
semantic classes, containing 40 images.

D

&0

]

g

Metric Method <
Yang et al. [2] 86.2 915 853 741 771 168 785 28.0 672
IoU Exclusive BGKOctoMap-CRF 86.1 88.0 82.3 73.6 719 155 738 277 649
S-CSM 86.3 932 843 80.0 76.8 255 77,5 30.1 69.2
S-BKI 87.4 933 847 799 769 18.6 787 292 68.6
Yang et al. [2] 325 70.1 452 557 395 130 46.6 189 402
IoU BGKOctoMap-CRF 43.5 709 494 555 402 127 464 139 41.6
S-CSM 40.2 741 495 62.1 421 203 4777 22.8 449
S-BKI 45.6 75,5 52.8 629 433 149 493 229 46.0

Table 4.3: Quantitative results on KITTI odometry sequence 15 test set [S] for 8 common
semantic classes, containing 25 images.

D

gp

®

g

Metric Method <
Yang et al. [2] 95.6 904 928 700 944 0.1 845 495 722
IoU Exclusive BGKOctoMap-CRF 94.7 93.8 90.2 81.1 929 0.0 78.0 49.7 725
S-CSM 944 954 90.7 845 950 222 793 51.6 76.6
S-BKI 94.6 954 904 842 951 271 793 513 772
Yang et al. [2] 329 858 59.0 793 61.0 09 46.8 339 50.0
IoU BGKOctoMap-CRF 50.0 86.6 64.1 749 61.0 0.0 47.5 36.7 52.6
S-CSM 426 873 629 779 626 17.1 477 348 54.1
S-BKI 493 88.8 69.1 782 63.6 22.0 493 36.7 571

improper initialization of them for CRF potentials. In contrast, the counting sensor model
uses a statistical model to infer the grid statistics. By adding the Bayesian kernel inference,
S-BKI outperforms S-CSM as it can fill the gaps in the map using nearby measurements.
Even for fully observed regions, by considering local correlations the map becomes more

robust to noisy measurement.

4.5.2 SemanticKITTI Dataset

SemanticKITTI [6] is a large-scale dataset based on the KITTI odometry dataset. It pro-
vides dense annotations for each LiDAR scan of 22 sequences including camera poses es-
timated from a surfel-based SLAM approach (SuMa) [124]. The input data of this dataset
is collected by a Velodyne HDL-64E laser scanner. The semantic measurements are gen-
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Table 4.4: Mean IoU on SemanticKITTI dataset sequence 00-21 [6] for 19 semantic
classes. SqueezeSegV2-kNN (Sq.-kNN). Darknet53-kNN (Da.-kNN). Training (00-07, 09-
10), Validation (8), Test (11-21).

° . 2 . 2 5

=1 > =1 1 5} °

S 2 S = S >

Seq. Method p= -} = A S >
Sq.-kNN 88.2 144 457 673 609 333 587 63.1 926 620 813 492 773 63.6 76.7 345 715 328 495 59.1

S-CSM (w/ Sq.-kNN)  92.6 21.6 622 73.1 706 44.1 803 674 943 709 851 523 820 69.1 814 478 754 508 65.0 67.7
S-BKI (w/Sq.-kNN)  93.5 29.1 739 820 77.0 54.6 872 73.7 938 73.6 842 557 83.8 70.1 828 539 759 546 704 721
Da.-kNN 947 423 81.8 834 694 694 725 537 967 88.6 926 82.1 954 850 920 71.0 883 70.6 824 79.6
S-CSM (w/ Da.-kNN) 96.0 48.6 883 845 714 773 836 543 968 89.7 933 842 966 867 935 792 90.0 80.0 839 833
S-BKI (w/Da.-kNN) 969 53.2 909 859 733 835 8384 598 968 899 93.1 854 973 874 942 813 909 820 90.6 85.3

Sq.-kNN 86.7 144 246 21.0 233 235 409 0.0 90.1 324 748 12 79.6 427 792 365 71.1 283 248 41.8
S-CSM (w/ Sq.-kNN)  90.5 23.0 349 26.8 29.1 324 494 00 926 387 790 1.1 846 51.6 833 483 729 441 31.6 481
S-BKI (w/Sq.-kNN) 923 30.0 39.7 293 321 388 547 00 929 409 799 1.1 86.6 546 849 523 742 479 347 509
Da.-kNN 91.0 250 47.1 40.7 255 452 629 00 938 465 819 02 858 542 842 529 727 532 400 528
S-CSM (w/ Da.-kNN) 92.6 325 549 434 262 513 692 00 946 492 84.0 0.1 879 584 858 599 733 61.7 430 56.2
S-BKI (w/Da.-kNN) 935 33.5 573 445 272 529 721 00 944 496 84.0 0.0 887 59.6 869 625 753 63.6 451 574

Da.-kNN 824 260 346 216 183 67 27 05 918 650 751 277 874 58.6 80.5 55.1 648 479 559 475
S-BKI (w/Da.-kNN)  83.8 30.6 43.0 260 196 85 34 00 926 653 774 30.1 89.7 63.7 834 643 674 58.6 67.1 513

Training

Validation

Test

erated by RangeNet++ [125], which is a state-of-the-art LIDAR-only semantic segmenta-
tion deep neural network. To investigate mapping performance on noisy data, we choose
two backends provided in RangeNet++: the best-performing one, Darknet53-kNN, and
SqueezeSegV2-kNN which has lower performance. All maps are built at a resolution of
0.1 m and without any pre-processing of the input data.

For evaluation, we use all sequences in SemanticKITTI. For training (00-07, 09-10)
and validation (08) sequences, we compare the 3D predictions with ground truth labels. To
obtain the IoU metrics for test (11-21) sequences, we submitted our results to the official
evaluation server which are shown on the multi-scan leaderboard ®. As our method is
for static environments, we cannot differentiate between static and dynamic objects. For
static semantic classes, we outperforms Darknet53-kNN for 18 out of 19 classes on test
sequences.

Quantitative results on all sequences are given in Table 4.4. For this experiment, the
average runtime of S-CSM is 9.48 sec/scan, S-BKI is 1.67 sec/scan. For all sequences,
our semantic mapping methods can improve the prior segmentation IoU by fusing mul-
tiple scans. We note that S-BKI consistently outperforms S-CSM in almost all semantic
classes, which shows the advantage of Bayesian kernel inference and continuous semantic
maps. When S-CSM does outperform S-BKI, the IoUs are close to each other. Moreover,
the mapping improvement over SqueezeSegV2-kNN is much higher than Darknet53-kNN,

which shows our methods can deal with noisy input data.

3https://competitions.codalab.org/competitions/2033 1#results (ganlumm)
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Figure 4.4: S-BKI map of a conference room in Area 3 of Stanford 2D-3D-Semantics
Dataset [1].

Table 4.5: Comparison of map quality using the Area Under ROC Curve (AUC) and run-
time of the four methods on the example shown in Fig. 4.4.

Method OctoMap BKIOctoMap S-CSM S-BKI
AUC 0.7226 0.7801 0.7274  0.7801
Runtime (s) 252.32 73.30 480.44 68.17

4.5.3 Occupancy Evaluation

To support the claim that S-BKI is a semantic occupancy mapping method, we evaluate the
accuracy of occupancy prediction of S-CSM, S-BKI, OctoMap and BGKOctoMap. The
experiment is performed using a conference room in Area 3 of Stanford 2D-3D-Semantics
Dataset [1], as ground-truth occupancy values are provided. For S-CSM and S-BKI, we
use the annotated point clouds to build the semantic occupancy maps, and the same point
clouds without semantics for OctoMap and BGKOctoMap. The semantic map built by S-
BKI is shown in Fig. 4.4. Comparisons of map quality and runtime of the four methods
are given in Table 4.5. For S-CSM and S-BKI, the probability of occupancy is computed
as the sum of all probabilities of valid semantic classes. Among all methods, S-BKI and
BGKOctoMap have the highest (identical) performance, which shows that S-BKI reduces
to BGKOctoMap when only occupancy is of interest, not only theoretically, but also exper-
imentally. S-CSM is slower than S-BKI because the block depth is set to one, thus S-CSM

has more blocks to be computed.
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Figure 4.5: Impact of parameters on mapping performance for KITTI dataset sequence
15 [5] (stereo camera) and SemanticKITTI dataset sequence 04 [6] (LiDAR). Only one
parameter at a time is varied while the others are kept at the values in Table 4.1. Both
figures show reasonable robustness to the parameter variations.

4.5.4 Impact of Parameters

We empirically study the sensitivity of S-BKI mapping to the kernel length-scale and signal
variance. The experiments are conducted using KITTI dataset sequence 15 [5] for stereo
camera and SemanticKITTI datase sequence 04 [6] for LiDAR data. All other parameters
are fixed to the values indicated in Table 4.1. In Fig. 4.5, we plot the kernel length-scale [
and signal variance o against the mean IoU metrics. The influence of the kernel length-
scale on mapping performance for both stereo camera and LiDAR data is similar: the mean
IoU increases rapidly as the length-scale varies from 0.01 to 0.1, gradually increases to
a peak value, and then drops gradually as the length-scale increases. S-BKI achieves the
best performance when [ = (.3 for stereo camera data and [ = 0.4 for LiDAR data. This
is reasonable because LiDAR data is sparser than stereo camera data and longer distance
should be considered. The mapping performance is insensitive to signal variance over a
large scale; this is because we use the same signal variance for all semantic classes. To see

an effect, one would need to allow signal variance to vary from class-to-class.

4.5.5 Experimental Results on a Cassie Bipedal Robot

We test our mapping methods on data collected using the bipedal robot Cassie Blue shown
in Fig 4.6. To obtain semantic measurements, we manually annotated 1194 training images
and 457 validation images from the NCLT dataset [126]. The NCLT dataset was selected
because it shares a similar environmental domain as the Wave Field data, which includes
background, water, road, sidewalk, terrain, building, vegetation, car, person, bike, pole,
stair, traffic sign and sky for a total of 14 classes. We used these images to fine-tune
a modified 2D segmentation network MobileNet [127] with a pre-trained model on the
ImageNet dataset [128] for efficiency. The fine-tuned network segments the RGB images,
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Wave Field

Figure 4.6: Top Left: Cassie Blue has a custom designed torso on which is mounted an
Intel RealSense depth camera capable of providing both RGB images and corresponding
organized point clouds in outdoor environments. Top right: Google satellite map of the
Wave Field of the University of Michigan - North Campus. Bottom: From left to right are
the 3D and 2D views of S-BKI map. While the robot is navigating along the sidewalk,
S-CSM produces discontinuous semantic maps from sparse sensor measurements, which
may cause the robot’s planner to regard the gaps in the map as unwalkable areas, a practical
problem when we conduct autonomous walking experiments with Cassie Blue (a video
of the experiment is available at https://youtu.be/uFyT8zCg1Kk). S-BKI model produces
a continuous and smooth map, where gaps are assigned with labels inferred from local
correlations in the map.
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and then we can directly label the organized point clouds.

The qualitative results are given in Fig. 4.6. To show the mapping performance of our
methods on sparse data, we downsample the point clouds per scan to a resolution of 0.2 m,
and build a semantic occupancy map with a resolution of 0.1 m. Our S-BKI runs at about
2 Hz. The mapping drift after one full round of the Wave Field is because of the odometry
system [129] instead of SLAM used in the experiment.

4.6 Discussions and Limitations

In practice, semantic measurements do not necessarily come in the form of a one-hot vec-
tor, but rather a pseudo-probability vector obtained from the softmax output of a classifier.
Taking the max rather than the softmax results in the current formulation. Taking the soft-
max, on the other hand, results in other models corresponding to a set of model-averaging
techniques (i.e., the linear opinion pooling and Nadaraya-Watson kernel-regression) that
are similar, but not identical, to the Bayesian model presented in Sec. 4.3.

There are still several limitations in this work. First, the length-scale of the kernel func-
tion trades off predictive ability and classification accuracy. When the length-scale is large,
the model can extrapolate large-scale trends in data, and thus be more predictive; however,
the classification accuracy may drop for small objects in the environment. In the current
approach, we manually tune the length-scale and use the same scale everywhere, indepen-
dent of the class. Optimizing the hyperparameters in a Bayesian framework can be helpful.
In addition, varying the length-scale and signal variance based on geometric features and
semantic properties may further improve semantic mapping performance. Secondly, the
memory and space storage for large-scale mapping is another limitation. We currently
store the entire semantic map in computer memory without any pruning. However, with
the current test-data octrees data structure, even when storing the map after pruning, the
save in memory consumption is not substantial. How to compress the continuous semantic
maps is an interesting future research direction. Finally, the current semantic map is for
static environments, differentiating between static and dynamic semantic labels is also an

interesting future work.

4.7 Conclusion

In this chapter, we extended the counting sensor model for occupancy grid mapping to a se-
mantic counting sensor model for semantic occupancy mapping. To relax the independent-

grid assumption in occupancy grid mapping, we used a Bayesian spatial kernel inference to
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generalize the semantic counting sensor model to continuous semantic mapping. Extensive
experimental results show the proposed methods work with both dense stereo camera and
LiDAR data. We improved the mapping performance over the state-of-the-art semantic
mapping system using the KITTI dataset, and increased the segmentation accuracy over
a 3D deep neural network with kNN processing using the SemanticKITTI dataset. We
labeled the NCLT dataset and collected data using Cassie Blue biped robot to further eval-
uate the mapping performance in real world experiments. The S-BKI model consistently
outperforms S-CSM, which shows the advantage of using Bayesian kernel inference in

continuous mapping.
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CHAPTER 5

Multi-Task Learning for Scalable and Dense

Multi-Layer Bayesian Map Inference

This chapter presents a novel and flexible multi-task multi-layer Bayesian mapping frame-
work with readily extendable attribute layers. The proposed framework goes beyond mod-
ern metric-semantic maps to provide even richer environmental information for robots in
a single mapping formalism while exploiting existing inter-layer correlations. It removes
the need for a robot to access and process information from many separate maps when per-
forming a complex task and benefits from the correlation between map layers, advancing
the way robots interact with their environments. To this end, we design a multi-task deep
neural network with attention mechanisms as our front-end to provide multiple observa-
tions for multiple map layers simultaneously. Our back-end runs a scalable closed-form
Bayesian inference with only logarithmic time complexity. We apply the framework to
build a dense robotic map including metric-semantic occupancy and traversability layers.
Traversability ground truth labels are automatically generated from exteroceptive sensory
data in a self-supervised manner. We present extensive experimental results on publicly
available data sets and data collected by a 3D bipedal robot platform on the University
of Michigan North Campus and show reliable mapping performance in different environ-
ments. Finally, we also discuss how the current framework can be extended to incorporate
more information such as friction, signal strength, temperature, and physical quantity con-
centration using Gaussian map layers. The software for reproducing the presented results

or running on customized data is made publicly available.

5.1 Introduction

Robotic mapping is the process of inferring a model of the environment from noisy mea-

surements and is an essential task in the pursuit of robotic autonomy [130]. Over the recent
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decades of highly active research on robotic mapping, maps have used different represen-
tations, included different sensing modalities, and been applied to a variety of purposes
such as localization [131], as a reference for navigation [132], and autonomous explo-
ration [133]. Traditionally, maps built for robot localization contain geometric information
about the environment. For example, occupancy grid maps employ voxel grids as the map
representation and probabilistically assign a binary label to each grid cell to denote whether
it is occupied [12, 14, 105]. The geometric structure of the scene is also encoded in dense
maps where Truncated Signed Distance Fields (TSDFs) are used to represent a surface im-
plicitly [134,135]. For better visualization [136] and camera tracking [137], 3D maps are
often textured with appearance (e.g., color) information.

Although classical robotic maps have reached a level of maturity for localization pur-
poses, most practical robotic applications require more than just geometric information,
e.g., high-level path planning and task planning. Semantic mapping timely extends the
map representation to include semantic knowledge in addition to geometry and appearance,
and becomes a highly active research area [96,106,107,110,138-141]. Object instances, as
another form of semantic knowledge, are also incorporated into robotic maps [16,142,143].

With the inclusion of scene understanding, semantic maps enable a much greater range
of tasks for robots. For instance, domestic robots can fetch tableware from the kitchen, and
a legged robot can walk on firm pavement instead of unstable vegetation. However, even
with semantics, higher level planning may still be limited. Planning systems may desire
other attributes, for example, the traversability of the ground surface, the affordance [144,
Ch. 8] of surrounding objects, the outdoor temperature, or the concentration of some quan-
tity in the air. These attributes form a high-level understanding of the environment, which
is one of the key requirements of the robust-perception age in robotics [10].

At present, each of these attributes is often estimated independently and represented
in a separate map, even though the map can have multiple layers. To perform a complex
task involving multiple attributes, a robot needs to access and process information across
different maps. This not only complicates planning, but ignores the correlation among
different sources of information.

In this work, we argue that instead of using an independent map for a specific task,
information can be stored in one shared map containing several correlated layers where
each layer contains one attribute. We propose a multi-task multi-layer Bayesian mapping

framework which

1. provides rich information such as semantics and traversability and is extendable to

more layers;
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Figure 5.1: Overview of our proposed multi-task multi-layer Bayesian mapping framework.
We first employ exteroceptive sensor data and robot trajectory to generate training data for
map attributes other than semantics (traversability specifically) in a self-supervised manner.
We then train a unified segmentation deep neural network for monocular image via multi-
task learning (MTL) using available data. Predictions of the MTL network are processed
in our multi-layer Bayesian inference sequentially and efficiently. Inter-layer correlations
are also leveraged to improve the map posterior. Our framework is designed to be easily
extended to include additional layers.

2. runs online using an arbitrary number of sensors (e.g., cameras and LiDARSs);
3. unifies and simplifies the access to different map attributes for communication effi-
ciency;
4. leverages inter-layer correlations to improve the map posterior distribution.
This chapter focuses on applying this framework to build a second traversability layer
on top of the first semantic layer developed by [141]. Traversability, by definition in
robotics, means ‘“the capability of a ground robot to reside over a terrain region under an

admissible state wherein it is capable of entering given its current state” [145]. We choose

traversability as the second layer for two reasons. First, a traversability map is essential for
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a robot to safely and efficiently navigate within its environment and plan local motion poli-
cies with improved stability. Secondly, traversability is highly correlated with the semantic
properties of an environment. For example, sky is non-traversable to a ground robot; road
is the opposite; mud can either be traversable or untraversable.

An overview of the proposed framework is shown in Fig. 5.1. We first employ exte-
roceptive sensor data and robot trajectory to generate ground truth labels for traversability
segmentation in a self-supervised manner. We then design and train a multi-task deep neu-
ral network as our front-end to provide multiple observations simultaneously. Our back-end
runs a closed-form Bayesian inference for dense multi-layer mapping where semantic in-
formation is leveraged in traversability estimation. The Multi-Task Learning (MTL) front-
end not only improves prediction performance over Single-Task Learning (STL), but also
achieves systematic efficiency. The multi-layer Bayesian inference back-end is scalable
and provide map uncertainty.

This chapter has the following contributions.

1. We propose a novel and extendable multi-task multi-layer Bayesian mapping frame-

work to provide rich environmental information in a single mapping formalism.

2. We develop a multi-task deep neural network for scene semantic and traversability

segmentation.

3. We present a self-supervised approach to automatically generate training data for

traversability segmentation.

4. We formulate a scalable and dense multi-layer mapping algorithm via a closed-form

Bayesian inference that leverages inter-layer correlations.

5. We provide an open-source implementation of the proposed method and present ex-
tensive experiments using real and simulated data. We also discuss the reproducibil-
ity and extendability of the developed mapping framework.

The remainder of this chapter is organized as follows. A review of the related work
on multi-layer robotic mapping, self-supervised learning for traversability estimation and
deep multi-task learning is given in Section 5.2. Section 5.3 describes the design of our
multi-task deep network, and how we generate labeled traversability data without requiring
manual annotation to train the network. Section 5.4 presents our multi-layer Bayesian map-
ping formulation in the semantic-traversability case. Experimental results and discussions

are presented in Section 5.5 and 5.6, and finally, Section 5.7 concludes the chapter.
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5.2 Related Work

In this section, we review the existing literature on multi-layer robotic mapping, self-

supervised traversability estimation, and deep multi-task learning.

5.2.1 Multi-Layer Robotic Mapping

Multi-layer robotic mapping, also known as hybrid mapping, stems from the work of [15]
where a hierarchical map with a global (middle-level) fopological layer and a local (low-
level) metric layer is built in robot exploration. This layout has been widely used in early
works on multi-layer mapping [146—148]. These works rarely contain multiple attributes
observed by different sensory modalities, but rather abstract topological relationships from
geometric information (i.e., homogeneous). Later, a high-level conceptual layer is added to
form the spatial semantic hierarchy [149—-151] where semantic knowledge extracted from
vision or dialogue is integrated. Therefrom, multi-layer robotic maps include attributes
more than geometry (i.e., heterogeneous) and are built using multi-sensor modalities.

More recently, computer vision and machine learning advancements significantly in-
crease the potential of multi-layer robotic mapping. Pronobis and Jensfelt [152] develop a
probabilistic framework based on chain graphs to build a four-layer map on three hierarchy
levels using multi-modal sensory data: the low-level sensory layer, the middle-level place,
and categorical layer, and the high-level conceptual layer. Jiang et al. [153] propose a four-
layer lane-level map model for autonomous vehicles where each layer contains different
types of data and is dedicated to different navigation tasks. For instance, the first road layer
is used for static mission planning and the fourth lane layer for reference trajectory plan-
ning. A multi-layer High-Definition (HD) map consisting of a road graph, lane geometry,
and semantic features is also conventional in today’s self-driving industry.

Scene graph, a data structure commonly used for describing 3D environments in com-
puter graphics, has been employed in robotics as another form of multi-layer mapping. In
a scene graph, each layer has a set of nodes representing entities, each node has some at-
tributes, and edges between nodes indicate their relations. Armeni et al. [154] construct
a four-layer graph that spans an entire building and includes semantics on rooms/objects
and camera locations, as well as the relations among them. Rosinol et al. [155] further
propose 3D dynamic scene graphs to handle dynamic entities and capture actionable in-
formation in the scene. Although scene graphs provide photo-realistic visualization and
plenty of environmental information, we argue that they are not ready for general robotic
navigation/exploration yet. First, the actionability in scene graphs is still at the topological

level of connectivity between places. For trajectory planning and control, information such
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as occupancy and traversability of the whole 3D space is needed. Secondly, scene graphs
are currently often constructed offline and only for indoor environments.

DenseSLLAM by Nieto et al. [156] is similar to our work as it also builds a dense grid-
based multi-layer map of the environment using a probabilistic framework. The fundamen-
tal difference is that it contains only geometric information acquired using range-finder
sensors. The work of Nordin and Degerman [157] is also related to ours in which a multi-
layer map with a geometric traversability layer and a ground roughness layer is built for
path planning (based on traversability) and velocity control (based on roughness) of ground
vehicle systems. However, the map does not provide any semantic knowledge of the en-
vironment nor explore inter-layer correlations. More recently, Zaenker et al. [158] present
a hypermap framework for autonomous semantic exploration. The map includes a grid-
based occupancy layer, a polygonal semantic layer, and an exploration layer indicating
which areas have yet to be explored. Our work differs from it in that we do not need an
extra hypermap interface to convert and unify the information in each layer. Instead, we

use the same grid-based representation for each layer to achieve unification.

5.2.2 Self-Supervised Learning for Traversability Estimation

Traversability analysis/estimation of the environment is crucial for autonomous naviga-
tion in a non-end-to-end framework. In survey done by Papadakis [145], the traditional
approaches for estimating traversability are categorized into geometry-based analysis of
digital elevation maps [159] and appearance-based classification of the terrain into a set
of pre-defined classes using supervised learning [160]. However, supervised approaches
are not robust to environmental changes and unsustainable for the widespread deployment
of robots. They require a significant amount of manual labeling effort to adapt to differ-
ent distributions. Self-supervised learning, in contrast, using a reliable module to generate
supervisory signals for training another model by exploiting the correlations between dif-
ferent input signals, automates not only the labeling process but also gains flexibility in
changing environments and platform variation (as the supervisory signals also vary under
different conditions). We note that for some tasks of which the labels do not change much
across environments and platforms, such as semantic segmentation, supervised learning
approaches are still predominant.

Based on the type of supervisory signals employed in self-supervised traversability
learning methods, we may project these methodologies onto a space characterized in Fig 5.2.
We note that for traversability estimation problems, where we usually need to predict the

traversability of the ground areas to be traversed, no matter what type of supervisory signals
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Proprioceptive

Exteroceptive

Figure 5.2: Space decomposition of self-supervised traversability learning methodologies
according to the type of supervisory signals employed, namely, proprioceptive, geometry-
based and semantic-based approaches, the latter two comprising the domain of exterocep-
tive approaches.

is employed, deployed sensory data tends to be exteroceptive.

Proprioceptive sensors that measure the internal state of the robot, e.g., acceleration [161,
162], force [163, 164], torque [164], vibration [163], are commonly used to generate su-
pervisory signals for traversability as they directly reflect the physical robot-terrain inter-
actions. Stavens and Thrun [161] generate the label of terrain roughness automatically
from a vehicle’s inertial measurements while driving. Acceleration signals are also used
as labels for traversability cost regression based on image textures [162]. Brooks and lag-
nemm [163] train two proprioceptive classifiers based on a traction force model and wheel
vibration. Wellhausen et al. [164] record force-torque signals from foot-mounted sensors
and images from an onboard camera equipped by a legged robot. Label values generated
from the force-torque signals are then projected onto images to train a convolutional net-
work for terrain property predictions. Recently, robot-terrain interaction sounds captured
by microphones are also used as a proprioceptive modality to self-supervise a visual terrain
classification network [165].

A common drawback of using proprioceptive data as supervisory signals is that labels
can only be generated for the areas directly interacted with the robot. Heuristic methods

may be necessary for generating negative samples. Thus, exteroceptive data (e.g., cam-
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era, LIDAR) is more commonly used for self-supervision. Stanley won the 2005 DARPA
Grand Challenge by employing a self-supervised road detection algorithm that uses laser
range finders to identify drivable surfaces and label the corresponding images [166]. Stereo
images are used to self-supervise a vision-based traversability classifier in a near-to-far set-
ting on a DARPA program LAGR platform [167]. To train a deep segmentation network
for path proposals in urban environments, Barnes et al. [168] project vehicle future paths
onto images and superimpose obstacle labels as detected by a LiIDAR scanner onto them
for labeling.

Similarly, Broome et al. [169] use geometric features extracted from accumulated Li-
DAR point clouds as inputs to a fuzzy-logic rule set to label the traversability for radar
frames automatically. However, all these works only use geometric information acquired
by the exteroceptive sensors. We use both geometric and semantic information extracted
from exteroceptive sensory data for self-supervised traversability labeling. In addition, we
also exploit multi-task learning and multi-layer mapping to improve the traversability esti-

mation accuracy.

5.2.3 Deep Multi-Task Learning

Multi-task learning shares the same philosophy as our multi-layer map inference, aiming
to improve the performance of multiple related learning tasks by leveraging useful infor-
mation among them [170]. Theoretically, MTL models lead to a preference for hypotheses
that explain multiple tasks, thus leading to reduced overfitting and improved generalization
capabilities. While MTL emerged long before the advent of deep learning [171], it has
received more attention recently due to more promising advantages in combination with
deep learning, e.g., improved data/memory efficiency and learning/inference speed.

In the deep learning era, MTL equates to designing networks capable of learning shared
representations from multi-task signals [172]. Particularly, three main problems have been
researched in this field: network architectures, optimization strategies, and task relation-
ships [172, 173]. For architectures, the key questions to answer are what to share and how
to share parameters between tasks. The existing MTL methods are often categorized into
hard and soft parameter sharing [170]. Hard parameter sharing networks share exactly
the same model weights in shared layers [174], while in soft parameter sharing methods,
tasks have separate weights but interact with each other through regularization [175], cross-
talk [176, 177] or attention mechanism in more recent works [178,179]. A new taxonomy
of MTL architectures is also proposed in [172], which groups them into encoder-focused

and decoder-focused based on where the task interactions take place. It is noteworthy that
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MTL network architecture can also be learned automatically and dynamically from data
instead of being manually designed and fixed [180, 181].

However, with an increase in the number and type of tasks being studied, a well-known
issue arises in MTL as negative transfer. Negative transfer refers to the phenomenon of
performance degradation when sharing information between unrelated or loosely-related
tasks. Studies on optimization strategies and task relationships are the effort to tackle this
problem. The main stream of works on optimization strategies treat MTL as a single-
objective optimization problem with a weighted sum of task-specific losses, and focus on
task balancing in terms of these weights. Uncertainty weighting [182] and Gradient Nor-
malization (GradNorm) [183] are two popular approaches among them. Another stream of
works formulate MTL as a multi-objective optimization problem and try to find a Pareto
optimal solution among all tasks [184]. On the other hand, task relationship learning also
directs a way to address negative transfer by leveraging task relatedness to choose tasks to
be learned together [185], or to design network architectures. As this topic falls outside the
scope of our work, we refer the interested reader to the more detailed discussion in [170].

Attention mechanism has often been used in deep learning to visualize/interpret the in-
ner states of convolutional neural networks, and successfully applied to natural language
processing tasks. More recently, the usage of attention in multi-task learning achieves
promising performances [178, 179]. As soft parameter sharing methods, attention-based
networks use soft and differentiable attention masks to select/modulate features for each
task from a shared backbone. They allow each task to use the shared representation differ-
ently, which alleviates the negative transfer issue in hard parameter sharing methods where
the shared features are constrained to be the same. As attention modules are small com-
pared to the backbone network, these methods also do not suffer from the scalability issue
in common soft parameter sharing methods where each task owns a completely separate set
of parameters. Furthermore, attention modules can be incorporated into any feed-forward

backbone architectures and can be learned in an end-to-end manner.

5.3 A Unified Segmentation Model for Multi-Layer Map-
ping via Multi-Task Learning

Traditional robotic maps containing only geometric information usually directly take sensor
(e.g., camera, LiDAR, radar, sonar) data as inputs to their mapping systems. However,
with the emergence of semantic mapping, a reasoning block that can interpret the image

or point cloud data for a higher-level understanding of the scene has become essential to
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the pipeline. This reasoning block is usually chosen as a Deep Neural Network (DNN) for
place recognition, object detection, or semantic segmentation, depending on the specific
mapping framework.

As most produced maps contain only one attribute (e.g., room-level, object-level, or
dense semantics), the employed DNN is trained for a single task. However, in a multi-layer
mapping system, it is inefficient or even unrealistic to have multiple DNN models, one per
layer. Therefore, we propose to design a unified DNN model for different map attributes
functioning as our reasoning block via multi-task learning. This approach also justifies a
practical and real-world application for multi-task learning research in robotics.

In this section, a multi-task DNN for image segmentation is presented. The MTL net-
work takes monocular RGB images as inputs and outputs several dense segmentation re-
sults to provide measurements for the multi-layer map inference. We first describe the gen-
eral architecture design and model objective of the network. Then, we present a specific
example of training the network for scene semantic and traversability segmentation. Se-
mantic ground truth labels are publicly available in common data sets, while traversability
labels are rare and usually robot-dependent. An automated traversability labeling approach
using exteroceptive sensor data is also proposed at the end of this section to tackle this
issue. Given how the labels are generated, we regard semantic segmentation as a super-
vised learning procedure while traversability segmentation self-supervised. Furthermore,
the training procedures are generalizable to other map attributes, given the corresponding

ground truth labels.

5.3.1 Multi-Task Network with Attention Mechanisms
5.3.1.1 Architecture Design

Inspired by recent works on MTL with attention [178, 179], our network consists of two
components: a single shared encoder with task-specific attention modules and K task-
specific decoders for K tasks. This design combines hard and soft parameter sharing strate-
gies: each task has its decoder and an attention-modulated shared encoder. It reduces the
risk of overfitting by encouraging most encoder parameters to learn to extract features that
fit all tasks. In the meantime, it leverages attention mechanisms to alleviate the negative
transfer issue when the encoder is shared among less related or even conflicting tasks.

We adopt two task-specific attention mechanisms following the work of Maninis et
al. [179]: Squeeze-and-Excitation (SE) blocks and Residual Adapters (RA). Squeeze-and-
excitation block is proposed by Hu et al. [186] to adaptively recalibrate channel-wise fea-

ture responses by explicitly modeling interdependencies between channels. In other words,
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Figure 5.3: Network architecture of each task using an illustrative backbone. Task-specific
parameters consist of Residual Adapter (RA) and Squeeze-and-Excitation (SE) modules in
residual blocks of the shared encoder and the entire decoder. This architecture can be built
upon any feed-forward neural network with residual blocks and trained end-to-end.

it is a lightweight gating mechanism in channel-wise relationships. SE block has a squeeze
operator (usually an average pooling per channel), which aggregates feature maps into a
channel descriptor, followed by an excitation operator (two fully-connected layers around
non-linearities), which maps the descriptor to a set of channel weights. Finally, the original
feature maps are reweighted with the channel weights. We set the SE block parameters to
be task-dependent so that each task can learn its own channel-wise relationships and utilize
the shared encoder differently.

The idea of residual adapters is proposed by Rebuffi et al. [187] for multi-domain learn-
ing. A small number of domain-specific parameters are added to the adapters to tailor the
network to diverse visual domains, while a high degree of parameter sharing among do-
mains is still maintained. As multi-domain learning can be considered as a specific multi-
task learning problem, RAs have also been applied to MTL for adapting and refining the
shared features of each task [179]. RA module is essentially a 1 x 1 filter bank in paral-
lel with a skip connection, introducing a small amount of computational overhead to the
shared backbone network. However, it can substantially improve accuracy [179] and con-
trol overfitting [187].

Figure 5.3 illustrates the general architecture of each task in our network. Each task
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has its own RA and SE modules to modulate the shared encoder in a task-specific manner.
The RA refines the shared features to be favorable to a specific task, while the SE works as
a soft membership function to accept more relevant features and avoid less relevant ones.
We note that this MTL architecture can be built on any feed-forward neural network with
residual blocks. Thus, all task-shared and task-specific parameters can be learned in an

end-to-end manner.

5.3.1.2 Model Objective

In a MTL setting, the optimization objective for K tasks is usually formulated as a weighted

sum of all task-specific losses:

Ly (X, Yik) = sz (5.1)

where X is the input, Y; and w; are the ground truth label and task-specific weight for task

1= 1,2, ..., K, respectively. For heterogeneous MTL, where tasks include classification
and regression problems, the task-specific loss £; has different calculation according to the
type of problem. As we are considering a homogeneous MTL problem, which consists of
image segmentation (i.e., classification) tasks, the task-specific loss function is chosen to

be class-weighted one-hot label cross-entropy loss:

L:(X,Y;) Z AioYi log Y, (5.2)

c=1

where Y, . is a binary variable indicating whether the ground truth label of the input X
is class ¢, and Yi,c is the network predicted likelihood of X belonging to class ¢, ¢ =
1,2,..., M. In order to compensate for unbalanced training data, we also weight the loss
according to the number of samples in each class [32], i.e., class weight \; . will be higher
if class c has fewer samples. Precisely, ); . is set to the reciprocal of the frequency of class

¢ in training data and is not part of the network parameters.

5.3.2 MTL for Semantic and Traversability Segmentation

The previous subsection proposed a generic MTL network with attention mechanisms that
can be used as a unified segmentation model in our multi-layer mapping system. This
subsection describes a specific implementation of the network for scene semantic and

traversability segmentation to provide the following mapping module with necessary mea-
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Figure 5.4: Detailed visualization of our MTL network based on DeepLabv3+ architec-
ture with WideResNet38 backbone. Semantic segmentation task (purple) and traversability
segmentation task (blue) have their own set of attention modules attached to the shared
encoder (orange), and their own decoders. All task-specific modules have the same design
except the last convolutional layer (the number of output channels depends on the number
of classes in that task), although their weights are individually learned.

surements.

For segmentation tasks, we choose DeepLabv3+ architecture [ 188] with WideResNet38
backbone [189]. The combination is used in NVIDIA semantic segmentation work [190]
and yields state-of-the-art performance on KITTI dataset [191]. Figure 5.4 gives a de-
tailed visualization of our network built upon DeepLabv3+, where the shared parameters
and task-specific parameters are shown in different colors. As we can see, the seman-
tic/traversability segmentation task has its own decoder and its own set of attention mod-
ules attached to the shared encoder. The design of task-specific modules is the same for
all tasks, except that the number of output channels of the last convolutional layer is set to
be the number of classes in that task. We consider the traversability segmentation task as
a pixel-wise binary classification problem (traversable vs. untraversable); thus, the number
of classes, in this case, is two.

During training, all parameters (shared and task-specific) in the network are trained
together using semantic and traversability ground truth labels simultaneously. The follow-
ing subsection describes an approach to automatically generate traversability ground truth

images used for training and evaluation in our experiments.

5.3.3 Self-Supervised Traversability Labeling

This subsection presents a self-supervised approach to generate vast quantities of labeled
traversability training data using exteroceptive sensing without manual annotation. Specif-
ically, our method uses image data, 3D sensing data acquired by the robot platform, and
robot trajectories as supervisory signals for traversability. The main idea is to obtain the
traversability labels of the environment from 3D geometry and transfer them to the 2D im-

age domain for time-coherent annotation. The overview of our self-supervised traversabil-
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Figure 5.5: Our self-supervised traversability labeling pipeline in which exteroceptive sen-
sor data is used as supervisory signals. The upper part concerns geometry; An elevation
map is built using point cloud data captured by a depth sensor (LiDAR, depth camera or
stereo camera) and the sensor trajectories. A 2D traversability map is then estimated from
the elevation map and projected into images. The lower part considers semantics; We
use the predicted semantic labels to filter out the noises in projected traversability images.
Combining both geometry-based and semantic-based self-supervised approaches, the final
traversability ground truth images can be generated automatically and accurately.

ity labeling process is illustrated in Fig. 5.5. We first determine the pixel-wise traversability
labels of an image based on its corresponding 3D geometry and robot capabilities and then

use available semantic information to filter out the label noises.

5.3.3.1 3D Geometry-Based Traversability Computation

We employ a geometry-based traversability estimation method with low complexity pro-
posed by Wermelinger et al. [159]. The traversability is estimated based on terrain char-
acteristics and the capabilities of the robot. A robot-centric elevation map of the terrain
is built from an exteroceptive sensor (such as a laser scanner, a depth camera, or a stereo
camera) data and poses. The elevation map is a 2.5D grid map in which each cell stores a
height value and its variance [192].

Three typical local terrain characteristics for each cell are computed by applying differ-
ent to the elevation map, i.e., the slope s, the roughness r, and the step height h. The
local traversability score t...r. € [0,1] for that cell, with higher values meaning more

traversable, combines these values as follows:

S r h
tscore = 1— wq — Wsy - w3h
Scrit Terit crit

; (5.3)
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where w,, wy and w3 are the weights which sum up to 1. The s.,;¢, e+ and h., ;. are the
robot-specific maximum allowed values for these characteristics. The traversability score
is set to ts.ore = Oif one of s, r or h exceeds its critical value.

To generate dense labels for the image at timestamp &, we first build a local elevation
map using successive frames of point cloud data from timestamp k to &k + [ using the corre-
sponding sensor poses, where [ is the time window length chosen based on data acquisition
rate. Essentially, we build a local elevation map that aligns with the camera view at times-
tamp k. We then compute the traversability score at each cell of the map using (5.3). As a
result, a 2D local traversability map with the same resolution and size as the input elevation
map is obtained for timestamp k.

5.3.3.2 Map-to-Image Projection

To project the traversability map onto the image domain, we use each pixel’s depth value to
retrieve the corresponding traversability score from the map and associate it with that pixel.
In this way, we generate an image where each pixel has a traversability score, except those
with invalid depth values. We then set a threshold for the projected score to get a binary

label. An example of the projected traversability labels is given in Fig. 5.5.

5.3.3.3 Semantics-Based Noise Filtering

The traversability labels generated so far are purely from geometric considerations, which
can be quite noisy due to errors in sensor reading or depth/pose estimation. As shown
in Fig. 5.5, the projected traversability image mislabels some sky pixels as traversable.
To correct these false-positive labels, we use semantic segmentation of the image to filter
out noises present in semantically untraversable areas, such as sky, buildings, and humans.
After semantics-based noise filtering, the final traversability labels in Fig. 5.5 do not contain

false positives.

5.4 Multi-Layer Bayesian Map Inference

Multi-layer mapping aims to use the semantic occupancy map as prior or complementary
information in modeling other useful maps of the environment, such as traversability, fric-
tion, and concentration of a physical quantity, by considering their correlations with occu-
pancy and semantic labels. We extend an incremental Bayesian inference method proposed
in our previous work [141] due to the closed-form formulation and efficiency. This section

first briefly introduces the Bayesian inference for constructing a semantic occupancy layer
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and then describes how to leverage it in traversability layer inference. Extension of the

method to more map layers is discussed in Section 5.6.1.

5.4.1 Continuous Semantic Mapping

Assuming map cells are indexed by j € Z™, the jth map cell with semantic probability 6,

can be described by a Categorical distribution (i.e., likelihood):

K
plyilo;) =TT ()™, (5.4)

k=1

where 0; = (9}, ceey Hf ) separately denotes the probability of map cell j taking the kth
category from a set of semantic class labels £ = {1,2,..., K}, i.e., K categories, and
215:1 9;‘ = 1. The semantic measurement tuple y; = (y7, ..., y¥) is a one-hot-encoded vec-
tor computed by taking the max of the semantic segmentation results of a deep network.
Let X C R3 be the map spatial support, i.e., Cartesian coordinates in 3D Euclidean space,
the training set (data) for semantic map inference can be defined as D, := {(z;,v:)} Y,
where z; € X is the position of the ¢th measurement and N is the number of training
points. In Bayesian semantic mapping, we seek the posterior over 0;; p(6;|D,).

For closed-form solution, we place a Dirichlet distribution over 6; as the conjugate prior
of the Categorical likelihood, given by Dir(K, ag), where ag = (o, ..., af ), ak € R are
concentration parameters. By applying Bayes’ rule and Bayesian kernel inference [112],

1 K

the posterior Dir( K, o), a, = (v, ..., ;' ) can be computed as follows:

N

of = af + Z (e, 2:)yr, (5.5)

i=1

where k(-,-) : X x X — [0, 1] is a kernel function operating on the map query point z, and
the 7th training point x,;. To exactly and efficiently evaluate the kernel over relevant mea-
surements (i.e., measurements in the neighborhood of a query point), a sparse kernel [117]
is employed with k-d tree data structure to achieve map continuity and O(log N') compu-
tation time for a single map query, where N is the number of training points. For details,

interested readers can refer to [141, and references therein].

5.4.2 Semantic-Traversability Mapping

Bernoulli distribution is a common choice for modeling binary variables such as occu-

pancy [105], and terrain traversability [115]. For the jth map cell, we treat its traversability
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as a Bernoulli distributed (binary) random variable which takes the value 1 with probability

¢;j. The measurement likelihood is then described as:

p(zilg;) = ¢35 (1 — @)%, (5.6)

where the measurements Z = {z, ..., zy|2; € {0,1}} indicating whether the map cell
containing the corresponding position in X = {zy,...,zy|z; € R3} is classified as un-
traversable or traversable by a neural network. Given training set D, = {(z;, z;)} Y,
Bayesian traversability mapping problem is thus formulated as the computation of poste-
rior distribution p(¢;|D,) for each map cell.

Semantic information of the environment can give insight into its traversability. For
example, intuitively, the sky and buildings are untraversable to ground robots, while the
road is traversable to an autonomous vehicle. Therefore, semantics can be used as another
source of observations available for traversability mapping. Moreover, it is expected to
achieve better traversability inference performance when the correlations are leveraged.

In semantic-traversability mapping, we first shrink the Dirichlet posterior distribution
Dir(K, a;), aj = (cj, ..., &) obtained from continuous semantic mapping to a Beta distri-
bution Beta(c/}, 3}), where o} is the sum of concentration parameters o for all traversable
categories k, and ﬁ;- is the sum of ozf for all untraversable categories. As Dirichlet distri-
bution is the multivariate generalization of Beta distribution, Beta(«}, 3}) can be proved to
be a valid Beta distribution.

From the Beta distribution, we can deduce a Bernoulli distribution with parameter ¢’;,
where ¢ = (a; — 1)/(a; + B — 2) is the maximum a posterior (MAP) estimate of ¢;. We
then sample from this Bernoulli distribution to generate semantic-traversability measure-
ments V' = {y},...,yw|y; € {0,1}}. Specifically, for each training point z;, we find the
map cell j containing the corresponding position z;, and generate a binary measurement
y; according to Bernoulli(¢’;) deduced from the semantic posterior of that cell. To incor-
porate these measurements into traversability inference, we assume that measurements )’

also have the same likelihood as in (5.6):

p(¥l) = 6P (1 — ;)% (5.7)

We are now concerned with the posterior over possible ¢;; p(¢;|Dy, D,). Assuming

D,s and D, are independent, we have:

p(9;|Dy, D.) o< p(¢5| Dy )p(¢5]D-). (5.8)
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We note that D,, comes from semantic segmentation and mapping, while D, is directly
obtained by traversability segmentation.

For a closed-form formulation, we adopt a conjugate prior of the Bernoulli likelihood as
¢; ~ Beta(ay, Bp), in which « and 5 are hyperparameters. We have ¢;|D,, ~ Beta(ay, 8,),

where:
Q1= QY + Z yZ’ (59)
i, x; in cell 7
yo=Bo+ > (L—1)). (5.10)

i, x; in cell §

Then we have ¢;|D,,, D, ~ Beta(a;, 3;), where:

a=oy o > (5.11)
i, x; in cell j
=B+ D (1—z) (5.12)

i, x; in cell §

Applying Bayesian kernel inference [112], the update equations for hyperparameters be-

come:
N
= ag + Z k(zy, 2:) (Y + 2i) (5.13)
i=1
N
B = Bo + Z k(2. 2:)(2 =y — z). (5.14)
i=1

The MAP estimate of ¢; then has the closed-form solution:

~ o —

= —————anda;, 3; > 1. 5.15
oy Ctj—i-ﬁj—Qan @, B (5.15)

We also have the closed-form expected value and variance of ¢; as follows:

;3
(o + Bj)* (o + B + 1)

El¢;] = and V[g;] = (5.16)

o
+
An algorithmic implementation of the semantic traversability Bayesian inference pro-
cedure is provided in Algorithm 1. Lines 3-8 are procedures for semantic mapping and
lines 9-30 for semantic-traversability mapping. We use a simple strategy (Lines 20-25) to
sample semantic-traversability measurements from the deduced Bernoulli distributions. In

this way, we can leverage more accurate, up-to-date semantic posteriors in traversability
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Algorithm 1 Semantic Traversability Bayesian Inference
1: Input: Training data: X', ), Z; Query point: x,
2: Initialize: semantic hyperparameters o < 0
3: traversability hyperparameters av, 3.0

4: for each (z;,y;) € (X,)) do

5: kl — k(l’*,fﬂz)

6: fork=1,..., Kdo

7: af «— oFf + kyk

8: end for

9: end for > Semantic Mapping
10: for each (z;, z;) € (X, Z) do

11: if x; in cell j then

12: Oz;-, ﬁ]' +—0

13: fork=1,..., K do

14: if kth category is traversable then

15: o oy +ab

16: else if £th category is untraversable then

17: B B + ok

18: end if

19: end for > Convert Dirichlet distribution to Beta
20: ¢ (o = 1) /(s + B — 2) > Compute mode
21: u~U(0,1) > Draw a uniformly distributed random number
22: ifu < qﬁ} then
23: Yo+ 1
24: else
25: yi <0
26: end if > Sample from Bernoulli distribution
27: end if
28: kz — k:(x*,xz)
29: e — o+ ki(Y) + 2) > Traversable posterior
30: Bs < B + ki(2 — yl + 2;) > Untraversable posterior
31: end for > Semantic-Traversability Mapping

32: return o, o, 3,
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inference instead of noisy single-frame semantic measurements.

The computational complexity for building the semantic layer is O(M log N'), where
M and N are the number of test points and training points, respectively. For semantic-
traversability mapping, the worst-case time complexity is O(M log N K), where K is the
number of semantic classes. However, by remembering the deduced Bernoulli distribution

for cells that are already computed, it can still reach O(M log N).

Remark 4 The traversability layer inference is similar to the continuous occupancy map-
ping approach of [105]. While the mathematical derivations are the same, the traversabil-
ity layer in this work performs two updates per iteration; one from deduced semantic dis-

tributions and one directly from a neural network.

5.5 Experimental Evaluation

In this section, we evaluate our proposed method using two publicly available datasets
for robotics: the KITTI dataset [191] and the TartanAir dataset [193]. For both datasets,
qualitative and quantitative results are provided with discussion. We further validate the
proposed method using a data set collected by our own bipedal robot platform, Cassie
Blue.

5.5.1 Implementation Details

For the MTL network, we use the architecture shown in Fig. 5.4 based on DeepLabv3+
and WideResNet38 backbone. During training, we use an SGD optimizer with the initial
learning rate of 1le x 3 and a polynomial learning rate decay with the power of 1.0. Mo-
mentum and weight decay are set to 0.9 and le x 4, respectively. In addition, we adopt
synchronized batch normalization (SBN) as in [190] with a batch size of 8 distributed
over two Nvidia TITAN RTX GPUs and further make it task-specific. For both datasets,
we use the pre-trained semantic segmentation model on Cityscapes. The traversability-
specific decoder is also initialized with the pre-trained model with the intuition that the
two tasks are highly related. All task-specific attention modules are randomly initial-
ized. Our network implementation is based on [190] using PyTorch. We provide our code
at https://github.com/ganlumomo/semantic-segmentation.

The multi-layer Bayesian mapping algorithm is implemented in C++ with the Robot
Operating System (ROS) and uses the Learning-Aided 3D Mapping Library (la3dm) [105].
Kernel length-scale and kernel scale of the sparse kernel are set to 0.3 m and 10, respec-

tively, and remain fixed throughout the experiments. Dirichlet and Beta hyperparameters
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are initialized to 0.001. All mapping experiments are conducted on an Intel 17 processor
with 8 cores and 32 GB RAM. The implementation of our mapping algorithm is available
at https://github.com/ganlumomo/MultilayerMapping.

For self-supervised traversability labeling, we use the Robot-Centric Elevation Map-
ping library [192] and the Traversability Estimation package [159]. Data set loaders for
KITTT and TartanAir are provided, along with the code for projecting traversability labels
onto images. Elevation maps are built at a resolution of 0.1 m. The s.,;¢, 7erie and heyse
in (5.3) are set to 1.0, 0.05 and 0.12, respectively. The threshold for ¢..... i1s 0.5. The
whole labeling pipeline is implemented in ROS, and available at

https://github.com/ganlumomo/traversability_projection_ws.

5.5.2 Ablation Study

To better understand the effect of task-specific attention modules, we perform an ablation
study of our MTL model with and without attention modules and compare the performance
with a single-task learning baseline. For a fair comparison, we use the same architecture
(DeepLabv3+ with WideResNet38 backbone) and pre-trained model (on Cityscapes) for
the following settings:

1. STL: The vanilla DeepLabv3+ with WideResNet38 backbone for single-task learn-
ing. This model is proposed by Zhu et al. [190] for semantic segmentation, and we

also train it for traversability segmentation.

2. MTL w/o Attentions, Fixed: The standard multi-task learning baseline with shared

encoder and task-specific decoders [172], trained with shared parameters fixed.

3. MTL w/o Attentions: The same architecture as above [172] with all parameters

trained.

4. MTL w/ Attentions: The same architecture as above with task-specific attention
modules and task-specific SBN (synchronized batch normalization) operators at-

tached to the shared encoder. All parameters are trained.

As for evaluation criterion, in addition to reporting the performance on each individual
task using the standard segmentation metric, mean intersection over union (mloU), we also

use a multi-task performance metric Ay, defined by Vandenhende et al. [172]:
| X
AMTL - ? Z_;(_l)ll(Mm,z - Ms,i)/Ms,ia (517)
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Table 5.1: Ablation study of deep multi-task learning network for semantic and traversabil-
ity segmentation. Mean intersection over unions (mloUs) of 19 semantic classes and 2
traversability classes are reported on a validation set from KITTI sequence 06-07. Multi-
task performance Ay;; indicates the average relative improvement over the single-task
baseline (see (5.17)).

Segmentation mIoU (%)

Setting Model Training Semantic Traversability Aurs, (%)
1 STL Individually for each task 83.08 79.80 +0.00
2 MTL w/o Attentions, Fixed Simultaneously with shared parameters fixed 83.08 77.06 -1.72
3 MTL w/o Attentions Simultaneously 83.24 78.38 -0.79
4 MTL w/ Attentions Simultaneously 86.51 83.91 +4.64

where M,,; and M, ; are the performance of the MTL and STL model on task ¢, respec-
tively. /; = 0 if a higher value means better performance for metric M, and 1 otherwise.

We train the four models using the same hyperparameters on KITTI dataset [191]. For
traversability, we used automatically annotated traversability labels generated from KITTI
odometry data set sequence 06 and 07 and evaluate them on a validation set generated
from sequence 10. Because of the automated labeling process, we can obtain training and
validation data amount to 200 images each. For semantic segmentation, we use KITTI
semantic dataset. From the 200 semantically labeled training images, we randomly select
21 images as a validation set and exclude them from the training process. Therefore, the
ratio of the validation set to the training set is about one to nine. The ablation study results
are given in Table 5.1.

From the results in Table 5.1, the standard multi-task learning baselines (setting 2 and
3) fail to outperform their single-task equivalent (setting 1) for traversability segmentation
on the KITTI data set while attain or slightly surpass the single-task semantic segmentation
performance. Overall, these MTL models degrade the single-task performance (indicated
by the negative Ayr;, values). Similar observations are also reported by Vandenhende et
al. [172] on the PASCAL dataset, where the standard MTL baseline underperforms the STL
network on tasks such as semantic segmentation, human part segmentation, and saliency
detection.

We conjecture that this is because the relationship between these tasks is unclear. The
gradient of the traversability-specific loss to the shared encoder can sometimes conflict
with that of semantic segmentation during training. Without any task-specific capabilities,
the shared encoder tends to be undertrained for an individual task. This negative transfer
issue can be alleviated by adding attention modules to modulate the shared encoder in

a task-specific manner. Our results in setting 4 also align with this hypothesis, where a
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Table 5.2: Quantitative results of our system on KITTI data set using intersection over
unions (IoUs) for traversability (trav.) classification.

Method Untraversable (%) Traversable (%) Mean (%)
STL Trav. Segmentation 92.02 75.34 83.68
MTL Trav. Segmentation 96.42 91.42 93.92
Trav. Mapping 96.81 92.34 94.58
Semantic-Trav. Mapping 97.62 94.46 96.04

performance gain is obtained for both semantic segmentation (43.43%) and traversability

segmentation (+4.11%). Therefore, we use this model in the following experiments.

5.5.3 KITTI Dataset

KITTTI dataset [191] is a real-world benchmark for a variety of computer vision and robotic
tasks ranging from visual odometry, object detection and tracking. It is collected by an
autonomous driving platform equipped with stereo cameras, a LiDAR scanner, IMU and
GPS etc, in accord with the common setup of a modern robotic system. Recently, KITTI
also releases its semantic segmentation data set which can be used in our multi-task learning
multi-layer mapping framework. However, none of these benchmarks exactly matches our
work as they are designed for other purposes. Accordingly, we quantitatively evaluate our
system using the ground truth data we generated.

For training our MTL network, we use the KITTI pixel-level semantic segmentation
data set which consists of 200 training images. It defines the same 19 semantic classes as
in Cityscapes, including road, sidewalk, building, car, etc. For traversability segmentation,
we generate ground truth labels for KITTI odometry data set sequence 06 and 07, and
randomly select 200 training images from them for task balancing. We first use ORB-
SLAM?2 [93] to estimate the 6-DoF camera poses from stereo measurements, and transform
them to get the LiDAR poses using camera-LiDAR calibration. We then use the point
clouds from LiDAR scanner and the corresponding LiDAR pose to generate traversability
labels, as described in Section 5.3.3. To project the labels into images, we use the depth
values estimated by stereo matching [92].

We test our framework on KITTI odometry sequence 15, and provide the quantitative
results in Table 5.2. As we do not have ground truth semantic labels for the sequence
(KITTT odometry data set does not provide corresponding semantic labels; however, we
need sequential information for mapping), we only compare the traversability segmenta-

tion performance between the STL baseline and our MTL network. As shown in Table 5.2,
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Figure 5.6: 3D qualitative results of our multi-layer Bayesian mapping algorithm on KITTI
dataset. (a)-(c) are the semantic layer, traversability layer and semantic-traversability layer,
respectively. (d)-(f) are the corresponding uncertainty maps showing variance value of each
voxel using Jet colormap. We can see the improved estimation in (c) compared with (b),
and reduced variance in (f) compared with (e) by leveraging semantic layer in traversability
inference. Relatively high variance values are also observed for the voxels with estimation
error.

Figure 5.7: 2D quantitative results of our multi-layer Bayesian mapping algorithm on
KITTI dataset. (a) Input color images. (b) Projected images from traversability mapping.
(c) Projected images from semantic-traversability mapping. (d) Traversability ground truth
images generated automatically by the method described in Section 5.3.3. We can see the
improved estimation in (c) compared with (b) based on the ground truth (d).

our MTL network improves about 10% mloU for traversability segmentation, and espe-
cially improves 16.08% for the traversable class. Two reasons might justify this: First, 200
training images are insufficient to well train an STL network that is pretrained on another
task; Second, traversability is highly correlated to semantics in an on-road environment,
and the MTL network can learn this correlation quickly.

The performance of our multi-layer Bayesian mapping is also evaluated in Table 5.2,
where traversability mapping is the inference without semantic information, and semantic-
traversability mapping is the algorithm given in Section 5.4.2 which leverages inter-layer
correlations. For a fair comparison, we project the 3D maps into 2D images and compare
them with the ground truth images pixel-wisely. To do this, for each pixel in the test image,

we use its depth value to query the traversability probability from the corresponding map
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cell and convert it to a binary label by thresholding. We exclude all pixels with invalid depth
from all result and ground truth images before computing the metrics. The quantitative
results of 3D maps and 2D projected images are shown in Fig. 5.6 and Fig. 5.7, respectively.

The results show that through sequential Bayesian inference, traversability mapping
alone can improve the classification accuracy (line 3 compared with line 2 in Table 5.2),
which is an advantage of using multi-frame measurements. However, leveraging semantic
layer in traversability inference achieves the best performance (line 4 in Table 5.2). This is
also shown in Fig. 5.6, where the semantic-traversability mapping not only corrects some

wrong predictions, but also reduces the map uncertainty.

5.5.4 TartanAir Dataset

As KITTI data set aims for on-road autonomous vehicle applications, the environments are
semblable and relatively easy. To further test our framework in other environments, we
employ a new challenging dataset, the TartanAir [193]. TartanAir is mainly introduced as a
benchmark for visual SLAM algorithms, but it is also suitable for other robotic applications
such as robotic mapping. It is collected in photo-realistic simulation environments, and
thus able to provide multi-modal sensor measurements (including stereo and depth images,
LiDAR point clouds) and precise ground truth data (such as semantic labels and camera
poses). Unlike Cityscapes or KITTI, which are collected from similar camera viewpoints
(pointing to the front from the same height), TartanAir has various camera viewpoints and
diverse sensor motion patterns, posing a challenge for image feature extraction.

We choose the abandoned factory environment for this experiment. Specifically, we use
sequence POOO of 2176 frames for training and POO1 of 434 frames for testing. For semantic
segmentation, we use the provided pixel-wise annotation including 30 semantic classes for
training and evaluation. For traversability segmentation, we convert depth images to point
clouds using camera intrinsics, and use the corresponding camera poses for ground truth
generation. We use these data to train our MTL model, and compare with the STL network.
The quantitative results are listed in Table 5.3.

We obtain a lower semantic segmentation mloU from the TartanAir data set than that
from KITTI. This is reasonable as KITTI has a similar environment and the exact class
definition as Cityscapes, on which we pretrained the network. By contrast, TartanAir is
more challenging due to the differences in environment, class definition and camera view-
point. In this case, our MTL model still outperforms the STL network in both tasks (line
3 compared with line 1 in Table 5.3). However, we notice that the mloU improvement

for traversability segmentation is only 1%. We conjecture that the correlation between the
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Table 5.3: Quantitative results of our multi-task learning model on TartanAir dataset. Mean
intersection over unions (mloUs) of 30 semantic classes and 2 traversability classes, and
multi-task performance (A1) are reported.

Method Semantic Seg. (mloU) Traversability Seg. (mloU) Ay (%)
STL 47.77 85.78 + 0.00
MTL, GradNorm 49.62 87.38 +2.87
MTL 52.68 86.82 +5.75

Figure 5.8: Qualitative results of our multi-task learning (MTL) model compared with
single-task learning (STL) network on TartanAir dataset. (a) Input color images. (b)-(d)
are STL, MTL and ground truth semantic segmentation, respectively. (e)-(g) are STL, MTL
and ground truth traversability segmentation, respectively. Note that (g) are automatically
generated by the method described in 5.3.3. We can see that (c) and (f) have better segmen-
tation performance compared with (b) and (e). The improvement on both tasks obtained
for the same input image also shows the correlation between these tasks.

two tasks in TartanAir might not be as high as in KITTI, so we might need a better task
balancing strategy for training.

We then implement the GradNorm strategy [183] for training. GradNorm varies the
task-specific weights in (5.1) according to the norm of the gradients of task-specific loss to
shared layers during back-propagation. In our experiments, this strategy indeed improves
the traversability segmentation performance, however, at the cost of a lower semantic seg-
mentation mloU (line 2 in Table 5.3). The multi-task performance metric Ay, shows that
our MTL network trained with fixed and uniform task-specific weights actually has a better
overall performance than the GradNorm-trained model. Similar phenomenon is also ob-
served in experiments conducted in [172], where most task-balanced MTL approaches do
not perform as well as those using fixed weights in practice. In the end, we use our MTL

model trained with fixed weights for multi-layer mapping. The qualitative results of this
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Table 5.4: Quantitative results of our multi-layer Bayesian mapping algorithm on TartanAir
data set using intersection over unions (IoUs) for traversability (trav.) classification.

Method Untraversable (%) Traversable (%) Mean (%)
Trav. Segmentation 98.63 74.71 86.67
Trav. Mapping 98.81 77.43 88.12
Semantic-Trav. Mapping 99.06 80.70 89.88

®

Figure 5.9: Qualitative results of our multi-layer Bayesian mapping algorithm on TartanAir
dataset. (a)-(c) are the semantic layer, traversability layer and semantic-traversability layer,
respectively. (d)-(f) are the corresponding uncertainty maps showing the variance value of
each voxel using Jet colormap.

model are also given in Fig. 5.8, where we can see a performance improvement is obtained
for both semantic and traversability segmentation compared with single-task learning.

The quantitative results of our multi-layer Bayesian mapping algorithm are given in
Table 5.4. Following the same trend in KITTI experiments, our traversability mapping
improves the classification accuracy of single-frame segmentation by training on multi-
frame measurements (line 2 compared with line 1 in Table 5.4). Leveraging semantic
layer in traversability inference further improves the mapping performance. It is worth
mentioning that our continuous semantic mapping also improves the mloU of semantic
segmentation from 52.30% to 60.30%. Although it is not the contribution of this work,
our semantic-traversability mapping can benefit from this improvement by using semantic
posterior instead of noisy semantic segmentation in the formulation. Fig. 5.9 gives the

qualitative results of those map layers with the corresponding uncertainty maps.
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Figure 5.10: The Cassie Blue robot platform equipped with a depth camera and LiDAR
sensor. We use the LiDAR point clouds to build a 2D local traversability map based on ge-
ometric information. We then project traversability scores into the image plane to generate
traversability ground truth labels automatically.

5.5.5 Cassie Robot Data

Finally, we test our multi-layer mapping system on real-world data that was collected using
our Cassie Blue robot platform in the University of Michigan North Campus. Cassie Blue
is a bipedal robot equipped with customized sensor suite including an Intel RealSense
depth camera D435 and a Velodyne LiDAR VLP-32C, shown in Fig. 5.10. A contact-
aided invariant EKF [194] was running on-board for high-frequent robot pose estimation
during data collection. The experiment setup is the same as in [141], except that we build
multi-layer map offline using recorded data at the recording speed.

As we already have an optimized semantic segmentation network running on-board
during data collection, we skip training the multi-task learning network for this experi-
ment. Instead, we generate the traversability ground truth images from the data and use
them to train a traversability segmentation network. The self-supervised labeling process is
illustrated in Fig. 5.10. We use LiDAR point clouds and the corresponding robot poses to
build a 2D traversability map, and then project the traversability score onto the color image
plane using depth values.

Multi-layer mapping algorithm takes the on-board semantic segmentation and offline
traversability segmentation for map building. The quantitative results in Fig. 5.11 and 5.12

are visually correct and pleasing. Most ground areas are mapped as traversable (green)
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Figure 5.11: Qualitative results of our multi-layer mapping algorithm on data collected by
Cassie Blue. The left shows the color image collected by the on-board camera, which is
used for semantic and traversability segmentation. The middle shows the semantic layer
built up to the timestamp of the left image. The right shows the traversability layer.

Figure 5.12: Qualitative results of our multi-layer mapping algorithm on data collected by
Cassie Blue. The left column shows the semantic layer and the corresponding uncertainty
map. The right column shows the traversability layer and its uncertainty map.

with some untraversable voxels (red) caused by moving humans in the environment. It
is also noteworthy that the mapping algorithm processes the recorded data at the original
collecting speed, which shows that our multi-layer Bayesian mapping is efficient, and ready

for online navigation and exploration experiments.

5.6 Discussion on Multi-Task Multi-Layer Mapping Frame-

work

In this section, we discuss the generality of the proposed multi-task multi-layer Bayesian

mapping framework and explain why it has the potential of being widely adopted within
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the robotics community. We first discuss the extension to more map layers via a construc-
tive example. Next, we discuss significant problems that must be addressed for real-time
applications of the proposed framework in autonomous navigation. The latter is an indis-
pensable challenge for safe navigation, especially in unknown unstructured environments,

and deserves more in-depth studies as future work.

5.6.1 Extensions to More Layers

The current framework can be easily extended to include more map layers. As a construc-
tive example, this subsection discusses a friction coefficient layer and the way to use it in
traversability layer inference.

We assume the friction coefficient observation of the jth map cell follows a univariate
Gaussian distribution with known variance o2; f; ~ N'(u;, 0?), where f; is the ith measure-
ment acquired at 3D position z; in map cell j '. Given observations Dy := {(z;, f;)} Y,
we seek the posterior p(y;|Dy) in friction mapping. A conjugate prior for this Gaussian
likelihood function is also a Gaussian y; ~ N (o, 03) [195]. The mean and variance of

the posterior distribution are given by:

o2 2 I
E{w;|De| = 2
[ILL]| f] M0_3+0_2M0+M0_3+0_2 Zzlf
0'20'2
V[:uju)f] = o2 + ]\2[0_87

where M is the number of training points in jth map cell.
To apply Bayesian kernel inference, we can set 02 = 0/, where )\ is a hyperparameter
reflecting confidence in the prior [115]. The kernel version of mean and variance are then

derived as:
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After Bayesian inference for the friction coefficient layer, we can convert the Gaussian
posterior distribution p(1;|Dy) to a Bernoulli distribution p(¢;|Ds) = Bernoulli(p) by set-
ting thresholds for the Gaussian cumulative distribution function, where p = Pr(djo, <

'Of course, obtaining accurate friction coefficient measurements is a highly challenging problem and an
interesting future research direction in robotic mapping. Here, we only discuss the mathematical derivation
and generalizability of the developed mapping framework.
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i < dpign). We then sample from this Bernoulli distribution to get friction-traversability
measurements 7' := {f{, ..., fy|f/ € {0,1}} as done in Algorithm 1.
To incorporate fiction inference into the traversability mapping, we assume that f/ also

has a Bernoulli likelihood:
pfile) = 67 (1= 9)' 7,

where ¢, is defined in (5.6), and F' are also independent to Z and ). Following the same
derivations in Section 5.4.2, we can leverage the correlations to both semantic layer and
fiction coefficient layer in traversability mapping. The hyperparameter update equations
then become:

N
a=ag+ > k() (Y + £+ 2),

=1

N
Boi=Po+ > Kz, z:)(3 =y — f — 2).
i=1
The mean and variance of ¢; remain the same as (5.16).

5.6.2 Limitations

There are several limitations of the current work. The current Bayesian map inference
is based on a static-world assumption, i.e., p(M;) = p(M;_1), where ¢ indicates the
timestamp. To deal with dynamic objects and environmental changing, a prediction step
p(M;|M;_1, D) needs to be modeled given measurements from change detection or scene
flow estimation, etc. Also, the current traversability notion is robot-agnostic, as we only
use exteroceptive sensor data as the supervisory signal. For navigation and exploration
purposes, a dynamic cost map layer could be learned from the robot proprioceptive or
multimodal sensory information, where the cost reflects dynamic traversability based on
the current operating point and robot behavior. The framework developed in this chapter

provides the foundation for implementing these ideas in the future.

5.6.3 Reproducibility

The current results and maps are reproducible using the same data sets for two reasons.
First, the traversability ground truth labels are generated using the given data without any

manual labeling. Second, the multi-layer Bayesian map inference provides exact solutions
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without approximation. This framework can also be used on self-collected data by other

robotic platforms as long as the image and depth information are included.

5.7 Conclusion

This chapter developed a multi-task multi-layer Bayesian mapping framework that uses a

deep multi-task learning network as a unified reasoning block. The proposed framework
1. provides multiple high-level measurements simultaneously,
2. learns map attributes other than semantics in a self-supervised manner, and

3. infers a multi-layer dense map in closed-form where inter-layer correlations are lever-

aged.

As a constructive example and a useful case, we specifically build a robotic map with
semantic and traversability layers. Extensive experimental results on publicly available
data sets and data collected by our robots show the advantage of using a multi-task learning
network for multi-layer mapping and improving traversability mapping performance when
the correlation with the semantic layer is leveraged.

The proposed framework is highly extendable to include additional layers containing
greater detail, such as friction coefficient, affordance, dynamic planning cost, to assist more
sophisticated robotic behavior planning. The map is also continuous and contains uncer-
tainty information attributed to Bayesian kernel inference, which is desirable for decision-
making problems. We hope that the proposed mapping framework is adopted and extended

to fulfill many advanced real-world robotic applications.
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CHAPTER 6

Energy-based Legged Robots Terrain
Traversability Modeling Using Deep Inverse

Reinforcement Learning

This chapter reports on developing a deep inverse reinforcement learning method for legged
robots terrain traversability modeling that incorporates both exteroceptive and propriocep-
tive sensory data. Existing works use robot-agnostic exteroceptive environmental features
or handcrafted kinematic features; instead, we propose to also learn robot-specific inertial
features from proprioceptive sensory data for reward approximation in a single deep neural
network. Incorporating the inertial features can improve the model fidelity and provide
a reward that depends on the robot’s state during deployment. We train the reward net-
work using the Maximum Entropy Deep Inverse Reinforcement Learning (MEDIRL) al-
gorithm and propose simultaneously minimizing a trajectory ranking loss to deal with the
suboptimality of legged robot demonstrations. The demonstrated trajectories are ranked
by locomotion energy consumption, learning an energy-aware reward map, and a more
energy-efficient policy than demonstration. We evaluate our method using a dataset col-
lected by an MIT Mini-Cheetah robot and a Mini-Cheetah simulator. The code and dataset

are publicly available at https://github.com/ganlumomo/minicheetah-traversability-irl.

6.1 Introduction

For a robot to autonomously navigate an unknown and unstructured environment, end-to-
end learning [196-198], and planning with terrain information [199-201] are two com-
monly applied approaches. Compared with end-to-end methods that directly map environ-
mental sensing and robot states to actions, planning with terrain information decomposes

the complex problem, thus being more data-efficient and interpretable [202, 203]. The
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terrain information obtained in these methods can also be more generalizable to other ap-
plications or robots. The present work approaches legged robot autonomous navigation
from the latter direction.

Motion and task planning for legged robots in unstructured environments involve ex-
plicitly modeling the terrain traversability and solving a sequential decision-making prob-
lem to find the “optimal” behavior. For unknown environments, terrain traversability mod-
eling using noisy measurements is itself a challenging problem due to the lack of a priori
knowledge of the surrounding terrain, the variability of terrain conditions, and the robot-
specific characteristic of traversability.

A taxonomy of terrain traversability modeling methodologies includes exteroceptive
approaches that further consist of appearance-based and geometry-based approaches and
proprioceptive approaches [145]. Appearance-based approaches formulate terrain traversabil-
ity modeling as a terrain type classification problem via image classification [160] or se-
mantic segmentation [204]. However, such methods assume that each terrain class cor-
responds to the same level of traversability. Geometry-based approaches usually gener-
ate a geometric representation of the terrain from depth measurements and compute the
traversability from local geometric features [115,205]. Recent works [168,206,207] gen-
erate self-supervised traversability labels and train a neural network on appearance and
geometry data to model robot-specific terrain traversability.

Traversability labels in exteroceptive-based methods ignore the robot’s internal states
while in motion across the terrain; hence, the degree of traversability is unknown, and
the labels are usually binary (i.e., untraversable and traversable). In contrast, proprio-
ceptive approaches can model terrain traversability as a continuous variable by defining
a traversability cost using a ground reaction score [164], vibration [162] or stability [208]
from a proprioceptive sensor modality. These metrics are handcrafted based on a user’s do-
main knowledge and thus may not fully capture the terrain’s traversability as experienced
by the robot itself.

Recently, Inverse Reinforcement Learning (IRL) for terrain traversability modeling has
received increased interest, particularly for autonomous vehicles [7,209-211]. Instead of
using a pre-determined metric to define traversability cost and associating it with terrain
features, IRL-based methods aim to learn this cost directly from a robot’s (traversing) be-
haviors. Doing so bypasses the effort and incompleteness of manually designing the cost
function and parts of the learning pipeline. The resulting cost representations of IRL-based
methods have also shown better robustness and scalability than the handcrafted cost and
supervised learning methods [209,212].

Maximum Entropy Deep IRL (MEDIRL) exploits the representational capacity of neu-

92



ral networks for reward structure approximation and has been successfully applied to traversabil-
ity cost learning and trajectory prediction for autonomous vehicles [7,209-211,213,214].
This work adopts the MEDIRL framework to tackle the problem of terrain traversabil-
ity modeling for legged robots. A big challenge in IRL-based methods is the choice of
representation of the agent’s state. A higher dimensional state generally leads to higher
model fidelity but at the expense of an exponential increase in computational complexity.
Therefore, most works incorporate higher-order robot states into the reward approximation
network as extra features instead of expanding the dimension of the agent’s state. How-
ever, encoding handcrafted robot kinematic features, such as estimated trajectory curva-
ture [7], average velocities [213] and overlaid past trajectory [211], is limited in improving
the model fidelity.

A challenge of applying the MEDIRL framework to legged robot applications is the
suboptimality of expert demonstration. While maximum entropy methods are robust to
some level of suboptimal demonstrations, they fundamentally seek a reward function that
justifies the demonstrated behavior, leading to a policy that explains but rarely outperforms
the demonstrator [215,216]. Unlike a human driver, the demonstrator for legged robots
typically lacks adequate feedback of locomotion performance to make the demonstration
optimal or even near-optimal. Thus, we propose to use robot proprioception as a source of
feedback to rank each demonstrated trajectory and add a trajectory ranking loss to regulate
the reward learning to learn a reward function that could extrapolate beyond suboptimal
demonstrations and lead to a policy outperforming the demonstrator.

This chapter offers the following major contributions:

1. We propose a deep reward approximation network in the context of IRL that can learn
robot inertial features from raw sensor measurements and incorporate the learned

inertial features and environmental features into the traversability reward map.

2. We extend the MEDIRL framework into a Trajectory-ranked MEDIRL framework,
and use locomotion energy as the trajectory preference label to learn an energy-aware

reward map for legged robots.

3. We collect and generate an IRL dataset for a legged robot in various environments,

and evaluate our method using the dataset as well as a simulation environment.

The remainder of this chapter is organized as follows. Section 6.2 introduces related.
The proposed methodology is described in Section 6.3. Experimental results are shown in

Section 6.4. Finally, we conclude this chapter in Section 6.5.
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6.2 Related Work

This work is inspired by — and bridges the gap between — legged robots terrain traversabil-

ity modeling and IRL-based traversability cost learning methods for autonomous vehicles.

6.2.1 Terrain Traversability Modeling for Legged Robots

Compared with ground vehicles, legged robots can traverse extreme, off-road, and unstruc-
tured terrains. However, terrain traversability modeling is crucial for path planning and foot
placement and remains a challenging problem because of the complex terrain conditions
and various legged robot models.

Wellhausen et al. [164] proposes a self-supervised learning framework to predict ter-
rain properties for a quadruped robot. They compute a ground reaction score from recorded
force-torque measurements and associate the score with image data by foothold projection.
The annotated images are used to train a regression network. Similarly, Faigl et al. [208]
also use robot proprioceptive features to characterize three traversal costs, i.e., mean in-
stantaneous power consumption, mean forward velocity, and attitude stability (the variance
of the robot’s roll), and attach those costs to corresponding exteroceptive features for re-
gression.

More recently, Buchanan et al. [217] propose a neural network for tactile terrain classi-
fication on an ANYmal robot. The network takes variable-length signals such as forces and
torques and outputs the terrain class. Fan et al. [199] probabilistically model the traversabil-
ity cost as a combination of multiple risk factors determined by the terrain geometry and
robot states. A hierarchical risk-aware planner is also proposed to use the traversability
costs and kinematic constraints to navigate wheeled and legged robots. Our method relates
to these works as both exteroception and proprioception are exploited to model the terrain
traversability for legged robots. But instead of manually defining the traversability cost

function, we learn it from demonstrations.

6.2.2 IRL for Traversability Cost Learning

Early works include the applications of the Maximum Margin Planning (MMP) frame-
work to traversal cost modeling using overhead terrain data [218,219]. Later, the MEDIRL
framework is proposed [209] to exploit the power of deep neural networks in expressing
nonlinear reward functions and becomes a common paradigm for traversability cost learn-

ing.
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In [209], the reward function is modeled using a fully convolutional network with in-
puts of environmental features for each state, i.e., mean height, height variance, and a binary
visible indicator. Vehicle kinematics is gradually considered in the MEDIRL framework in
addition to environmental context to improve the model fidelity. Zhang et al. [7] integrate
the discretized vehicle’s past velocity and trajectory curvature into the reward network.
Similarly, the reward network in [213] also takes the encoded robot’s motion features as
inputs. Jung and Shim [211] propose to incorporate inertial context into the traversability
map by overlaying the past trajectory on an occupied grid map. Zhu et al. [210] encode
vehicle kinematic constraints into convolution kernels to accelerate the computation. We
argue that these manually encoded kinematic features are limited in improving the model
fidelity; instead, we let the reward network learn the inertial features from raw sensor mea-

surements.

6.3 Methodology

We frame the problem of terrain traversability modeling under the IRL paradigm, in which
the traversability cost map is obtained as the negative reward function learned from expert
demonstrations. We first formulate our problem as a Markov Decision Process (MDP), and
briefly introduce the MEDIRL framework. In order to better incorporate robot kinematics
into the framework, we propose a reward network architecture that can simultaneously
extract inertial features from raw sensor measurements. A Trajectory-ranked MEDIRL

algorithm is also proposed to deal with suboptimal demonstrations for legged robots.

6.3.1 Problem Statement

We model the process of a legged robot walking over local terrain as an agent following an
MDP. An MDP is defined as M = {S, A, T, v, 7} consisting of a set of states S, actions
A, transition probabilities 7, a discount factor v € [0, 1), and a reward functionr : S — R.
A trajectory is defined as a sequence of state-action pairs 7 := {(so, ao), (51,a1), ..., S} }
followed by the agent, and a demonstration is a set of trajectories under a policy D =
{70, 71, ..., 7p}. Given an MDP, a forward RL problem seeks the optimal policy 7* : & — A,
that maximizes the expected discounted reward (return) J(7) = E[Y";°  ~'r|n]. We con-
sider the IRL problem: Given an MDP\r and expert demonstration D, to recover the un-
derlying reward function that explains the demonstration, i.e., to seek the reward function
under which the demonstrated behavior is optimal.

Specifically, the MDP formulation is as follows. State space: We discretize the local
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terrain into a 2D grid map, and the agent’s state is the current position of the robot in the
grid map. Action space: The actions of the agent in the discretized state space are chosen
tobe A = {up, down, left, right}, which allow the robot to transit from the current grid to
an adjacent grid. It can also be easily extended to include 8 directions with evenly spaced
45 degree intervals. Traversability cost: The traversability cost of each state is defined as

the negative reward c = —r : S — R.

6.3.2 Maximum Entropy Deep IRL

Maximum Entropy IRL is formulated to address the challenge of reward ambiguity (i.e.,
multiple rewards can explain the same behavior) by treating trajectories with higher rewards
as exponentially more likely [220]. Under the same assumption, MEDIRL [221] further ap-
proximates the reward function using a deep neural network with a set of parameters 6, i.e,
To(s) = f(o(s);0), where ¢(s) denote the features of state sec. It is then mathematically
formulated as a maximum-a-posteriori (MAP) estimation problem that maximizes the log-
arithmic joint posterior distribution of the demonstration and network parameters under the

predicted reward:

L(6) =1ogP(D,0|rs) =log P(D|rg) + log P(6)
=: Lp + Ly, 6.1)

which is divided into a demonstration term L£p and a model regularizer £y. Applying
the chain rule, the reward network can be trained by backpropagating the MEDIRL gradi-

oL
ent oy

6.3.3 Learning Inertial Features: Network Architecture

As the essence of maximum entropy IRL is feature matching, the features for each state
(i.e., the inputs to the reward network) are important choices. Previous works integrated
manually encoded robot kinematics and environmental context into the reward network [7,
211,213]. In these works, the reward function can be written as 7y(s) = f(¢pe(s), ox(s); 6),
where ¢.(s) and ¢ (s) are the handcrafted environmental features and kinematic features
of state sec. In this work, we propose a network architecture that can learn the robot iner-
tial features directly from proprioceptive sensory data and integrate the learned features in
reward approximation: 74(s) = f(p.(s), ¢:(s;0);0).

Inspired by the work of [222] and [217] where 1D convolutional modules are employed

to efficiently process temporal proprioceptive sensory data for legged robots, we design
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Figure 6.1: The proposed deep reward network architecture and training process for terrain
traversability cost learning. The network has two stages where the first stage is for feature
learning and the second stage is for feature fusion (yellow). To extract useful features from
both proprioceptive and exteroceptive sensory data, the first stage consists of an inertial
branch (blue) taking inputs of raw IMU signals and a UNet-like environmental branch
(pink) taking inputs of the elevation map, elevation variance map and color map. The
outputs of both branches are concatenated and fused in the second stage to approximate
the reward map. The network is trained in an end-to-end manner by backpropagating both
MEDIRL gradient (green flow) and trajectory ranking loss (red flow).

an inertial branch for the reward network using similar structures. The branch consists of
2 convolutional (Conv) blocks and 1 fully connected (FC) layer. Within the Conv block,
two 1D convolutional layers are followed by a 1D max pooling layer. Dropout layers are
also added to the Conv block for overfitting alleviation, serving as the model regularizer
Ly in Eq. 6.1 [209]. For simplicity, we choose fixed-length IMU signals as the inputs to
this branch. The 1D convolutional kernel is designed to move along the time domain of
the signals to extract the temporal correlation. It is noteworthy that we have also tested on
including other proprioceptive signals such as joint states, but have not observed improve-
ment over using IMU signals alone. We conjecture that more sophisticated network design
or pre-processing is needed to effectively use raw joint states.

To model traversability, the geometry and appearance of the local terrain also contain
critical information. Thus, another branch of the network aims to incorporate environmen-
tal context into the reward learning. Similar to previous works [7,209,210,213], we choose
the elevation map, elevation variance map and a bird’s eye view color map as the environ-

mental features. Due to the spatial nature of environmental inputs, we adopt a UNet [223]
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architecture for image segmentation as the environmental branch. The main considerations
are the simplicity and data efficiency. The UNet only receptively uses convolutions, ReLU
and max pooling, consistent to our inertial branch. In addition, it exhibits good performance
with a limited amount of training data.

The proposed reward network therefore has a two-stage architecture, as shown in Fig. 6.1.
The first stage is comprised of the two aforementioned branches to process inertial (pro-
prioceptive) data and environmental (exteroceptive) data individually. The inertial features
learned/extracted from the first branch are then upsampled and concatenated with the out-
puts of the environmental branch. The second stage of the reward network is a block of 2D

convolutions that fuses the two types of features into the final reward map.

6.3.4 Trajectory-ranked MEDIRL

In the existing MEDIRL framework, the reward network is trained by backpropagating the
MEDIRL gradient gTi’ which can be obtained as the differences in the state visitation fre-
quencies (SVF) from the demonstration and from the predicted reward [209,220]. There-
fore, the reward function obtained by only minimizing the differences will be the one best
explaining the demonstrated behavior, and the corresponding policy will be suboptimal if
the demonstration is suboptimal. In order to allow reward extrapolation when additional
preference information is given, we propose to add a trajectory ranking loss to the MEDIRL
framework and extend it to a Trajectory-ranked MEDIRL (T-MEDIRL) framework.

The trajectory ranking loss is inspired by the preference-based IRL methods [215,224]
which seek a reward function that explains the ranking over demonstrations (intention),
in contrast to the demonstrations (behavior), thereby allowing for reward generalization
and extrapolation. Specifically, given a sequence of ranked trajectories, the objective is
to learn a reward function that assigns higher returns to higher-ranked trajectories. It can
thus be formulated as a classification problem that predicts whether a trajectory has higher
rank than another based on the predicted returns (originally based on the predicted reward
function). The classifier can be trained by using the trajectory-rank pairs as data-label pairs
and minimizing the pairwise trajectory ranking loss [224]:

exp > ro;(s)

SET;

Ei L = — 1 )
J Z 08 exp ) 1oi(s) +exp Y 1o,(5)

Ti <Tj
v SET; SET;

(6.2)

where 74 ; and 1 ; are the parameterized reward function for trajectory ¢ and j, respectively,

and 7; < 7; means that trajectory j has a higher rank compared with trajectory 7.
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Algorithm 2 T-MEDIRL: Trajectory-ranked Maximum Entropy Deep Inverse Reinforce-
ment Learning

1: Input: S, A, 7,7,D,«
2: Output: network parameters 6
3: function MEDIRL-GRAD(ry, 7, S, A, T,7)

4 7 < VALUE-ITERATION(7y, S, A, T, )
5: fir < STATE-VISITATIONS-TRAJ(T, S, A, T)
6:  E[u] + STATE-VISITATIONS-POLICY (7, S, A, T)
7 g_:; < pr — ]E[,LL]
8:  return g—é
9: end function
10:
11: Randomly initialize 6!
12: forn=1to N do
13: Randomly choose 7; and 7; from D
14: ron i(s) <= f(@i(s);0™) forVs € S
15: ron j(8) <= f(@j(s);0™) forVs € S
16: > Forward reward network
17: ﬁj;i < MEDIRL-GRAD(r¢n ;, 73, S, A, T, 7)
18: 3f6fjj — MEDIRL-GRAD(r¢n j, 75, S, A, T,7)
19: ’ > Compute MEDIRL gradient
exp SGZT' Ton ;(s)
200 Lij e = 2, g s e ST @)
Ti=<Tj s€Ty s€T;
21: > Compute trajectory ranking loss
22: Compute Vgn L;, Vgn L, Vgn L; ; via chain rule
23: grtl — on + QV@nﬁi + OéVgnEj — OéVgnﬁi,j
24: > Update network parameters
25: end for

We use the aforementioned trajectory ranking loss to regularize the reward learning in

the proposed T-MEDIRL algorithm (Algorithm 2). Given the MDP\r and demonstration

with ranked trajectories, the T-MEDIRL framework learns to approximate the reward func-

tion 7y by backpropagating the MEDIRL gradients and trajectory ranking loss together, as

shown in Fig. 6.1. In each iteration, we randomly choose two (batches of) trajectories and

obtain the corresponding predicted reward functions by forwarding the reward network.

The per-trajectory MEDIRL gradient can be computed using the MEDIRL-Grad function,

while the trajectory ranking loss is computed using (6.2) on a cross-trajectory basis. Fi-

nally, the network parameters are updated according to the learning rate o and gradients

computed using the chain rule.
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6.3.5 Locomotion Energy Ranked Reward Extrapolation

Energy cost is one of the major factors that can quantify the locomotion performance for
legged robots, and an important consideration in path/motion planning. As a source of
robot-terrain interaction, it also contains important information about the traversed terrain.
Faigl et al. [208] use the mean power consumption as an indicator of terrain traversability
cost, and Walas et al. [225] optimize the gait parameters for a humanoid robot based on the
energy expenditure and locomotion stability. However, the energy cost is usually unknown
or unpredictable to the human demonstrator when collecting demonstrations for legged
robot walking, leading to a severe suboptimality issue, i.e., the demonstrated trajectory
might be feasible but energy inefficient.

To extrapolate beyond the suboptimal demonstrations for legged robots and learn a
reward function that leads to more energy-efficient path planning, we propose to use the
Average Energy Consumption (AEC) of each trajectory for trajectory ranking in the T-
MEDIRL framework. The AEC is computed by dividing the overall energy consumed for
each trajectory by the length of the trajectory, and the overall energy consumed can be

obtained using recorded robot joint states as [225]:

n

i=1

where |-| takes the element-wise absolute values, (-, -) denotes the dot product, u € R™ and
Agq € R™ are the joint torque and joint displacement for m joints between two timestamps,
respectively, and n is the total length of the signals collected along the entire trajectory 7.

In this work, if 7; has a lower AEC value than 7;, then 7; < 7;.

6.4 Experiments

We first introduce the process of data collection and generation. Then, two experiments are

designed to evaluate the two contributions of this work.

6.4.1 Legged Robot Walking Dataset

We collect data using a quadruped robot with a customized sensor suite operating in a cam-
pus environment including diverse scenes. The robot platform, an MIT Mini-Cheetah, and
the data collection environment are shown in Fig. 6.2. The Mini-Cheetah robot is equipped

with an Intel RealSense depth camera, an IMU, and an Nvidia Jetson Xavier computing de-
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Figure 6.2: MIT Mini-Cheetah robot with a customized sensor suite and satellite map of
the data collection environment for this work.

vice for data recording. We manually teleoperate the robot to walk around by sending the
commands of longitudinal velocity, lateral velocity and yaw rate. The color/depth images,
IMU signals, and joint state measurements are synchronized and recorded using the Robot
Operating System.

We generate a dataset of over 1000 trajectories and their corresponding environmental
features, IMU signals and AEC values using both exteroceptive and proprioceptive sen-
sory data from different sequences. For the environmental features, we choose to build the
elevation map, elevation variance map and color map of a region of 8m x 8m with 0.1m
resolution. Specifically, we use ORB-SLAM?2 [226] to estimate the robot poses, and build
a local robot-centric probabilistic elevation map using point clouds captured by the depth
camera. Elevation mapping [192] models the height measurements by a Gaussian distribu-
tion and fuses multi-frame measurements using a Kalman filter. We generate the elevation
map and elevation variance map using the mean and variance of each grid’s Gaussian dis-
tribution. The color map is generated by averaging the RGB values of all points falling into
each grid.

The demonstrated trajectory is generated by projecting the robot poses onto the local
grid map, including a past trajectory and a future trajectory. The past trajectory is a se-
quence of grid indices traversed by the robot, whereas the future trajectory is for the same
period of time after map building. The IMU signals used for the inertial feature learning are
the signals collected within the past 0.5 sec, and the AEC value is computed using the joint
state measurements of all 12 joints (3 joints per leg) along the past trajectory. Examples of

the generated data are visualized in Fig. 6.3.
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Figure 6.3: Visualization of the generated data/network inputs in different environments,
for instance, sidewalk, trail and forest. (a) Elevation map. (b) Elevation variance map.
(c) Color map. The demonstrated past (red) and future (cyan) trajectories are overlaid for
visualization only and not part of the feature map. (d) Third-person view of the current
state (not an input). (e) The IMU signals collected within 0.5 sec.

6.4.2 Inertial Feature Learning Evaluation

This experiment aims to evaluate the performance of the proposed reward network that
can learn robot inertial features and incorporate the learned features for reward approxi-
mation. To this end, we compare our method with a baseline approach using handcrafted
kinematic features [7], and our method without inertial feature learning. For a fair compar-
ison on the network performance and model fidelity, three networks are trained using the
MEDIRL framework and evaluated on how well the approximated reward function explains
the expert demonstration. Therefore, we employ two metrics commonly used in IRL for
quantitative evaluation: the Negative Log-Likelihood (NLL) of the expert demonstration
under the learned policy, and the Hausdorff Distance (HD) [227] between demonstrations
and trajectories sampled with the learned policy. Here, the learned policy is obtained by
value iteration given the learned reward function (line 4 in Algorithm 2).

In this experiment, we apply the baseline’s original implementation and kinematic fea-
ture encoding [7] to our dataset. For a fair comparison, we keep the same MEDIRL training
process and only replace the reward network by our proposed architectures for each of our
methods. For our method without inertial feature learning, we exclude the inertial branch
and only use the environmental branch. We use a 70/30 split to divide our data into training

and test sets.
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Figure 6.4: Qualitative results on traversability cost learning and future trajectory predic-
tion in Experiment 1. (a)-(c) are the inferred reward maps of the baseline method [7], our
method without inertial feature learning and our method with inertial feature learning, re-
spectively. (d)-(f) are the SVF visualizations of the three methods representing the future
trajectory distributions. (g) are the corresponding input color maps overlaid with past (red)
and future (cyan) trajectories.
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Table 6.1: Traversability Cost Learning/Future Trajectory Prediction Performance Quanti-
tative Comparison in Experiment 1.

Method NLL| | HD|]

Baseline [7] w/ kinematics | 0.9269 | 12.1843
Ours w/o inertial features | 0.7448 | 7.1942
Ours 0.6995 | 6.3165

The qualitative results are given in Fig. 6.4. The first three columns are the inferred
reward maps on selected test data, and the next three columns are the corresponding SVF
visualizations representing the future trajectory distributions under the inferred reward and
policy. The input color maps are also shown in the last column for each scene, and overlaid
with past trajectories (red) and ground truth future trajectories (cyan).

Fig. 6.4 clearly shows the effectiveness of inertial feature learning and integrating for
reward approximation. The trajectories predicted by our method best align with the ground
truth future trajectories in demonstration. Our network without the inertial features predicts
correct future trend in most cases, but failed in the last two scenes. Even in the cases
where it successfully predicts the future trend, our method with the learned inertial features
predicts the trajectory curve more accurately, for instance in the top two forest scenes. Both
methods perform similarly in the trail and sidewalk environments, shown in the middle two
TOWS.

The baseline method using handcrafted kinematic features does not perform well in our
experiment. We conjecture that the kinematic features used, i.e., the average velocity and
curvature of the past trajectory, cannot capture the instantaneous inertial context and thus
tend to fail when the robot suddenly changes its motion. This can also be observed from the
top two rows in Fig. 6.4, where the trajectory predicted by the baseline seems to extrapolate
the past trajectory. In contrast, by integrating the learned inertial features, our method can
better capture the instantaneous motion changes.

The superiority of our method for legged robots can also be seen in the quantitative
results in Table 6.1, where our method has the best prediction results on the test set us-
ing both metrics. By learning and incorporating robot inertial features in the proposed
reward network, the inferred reward function (traversability cost) becomes highly robot-
state-dependent, thus achieving better performance than purely environment-dependent re-

ward.
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Figure 6.5: Left block: Qualitative results on traversability cost learning and future trajec-
tory prediction in Experiment 2. From left, the first and second columns are the inferred
reward maps and future trajectory distributions obtained using the MEDIRL algorithm.
The third and fourth columns are those obtained using our proposed T-MEDIRL algorithm
with energy-based trajectory ranking. The fifth column is the corresponding input color
maps overlaid with past (red) and future (cyan) trajectories. Right block: Mini-Cheetah
Simulator. The bottom row shows the robot is following the optimal future trajectory.

6.4.3 Energy-based Reward Extrapolating Evaluation

In the second experiment, we evaluate the effect of locomotion energy ranked reward ex-
trapolation. We use the AEC value of each trajectory to rank the demonstrated trajectories
in the training set, and train the proposed reward network using the proposed T-MEDIRL
algorithm. For comparison, we choose to train the same reward network using the original
MEDIRL algorithm as our baseline.

The qualitative results are given in Fig. 6.5. The first two columns are the inferred re-
ward maps and the predicted trajectory distributions obtained using the MEDIRL algorithm
on the test set, and the following two columns are obtained using our T-MEDIRL algorithm.
The corresponding color maps and demonstrated trajectories are shown in the last column.
We observe that the reward maps obtained by T-MEDIRL contain more details whereas
those obtained by MEDIRL are more smooth. We believe that this is due to a higher state
distinguishability brought by trajectory ranking. Without trajectory ranking, all states tra-
versed by the agent have the same level of preference during training, whereas trajectory
ranking introduces different preference labels to these states. Another observation is that
the trajectory distributions predicted by T-MEDIRL tend to be multi-modal distributions,
showing a better generalizing ability of T-MEDIRL.

As the purpose of introducing energy-based trajectory ranking loss is to learn a re-
ward/policy better than demonstration instead of best explaining the demonstration, quan-
titative metrics other than NLL and HD are needed in this experiment. In classical IRL

problems, the quality of the predicted reward can be evaluated by comparing with the
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Table 6.2: Traversability Cost Learning/Future Trajectory Prediction Performance Quanti-
tative Comparison in Experiment 2. Using a 24V, 6Ah battery, the difference shown below
in AEC corresponds to about seven minutes extra operation.

Method ours w/ MEDIRL [209] | ours w/ T-MEDIRL
NLL | 0.6705 0.6810

HD | 5.0129 5.5718
Accuracy T 39.13% 60.86 %

AEC | 4.596 x 1072J 4.088 x 1072J

ground truth reward. Due to the lack of ground truth reward in real-world problems, we
introduce the following two metrics for evaluation.

The first one is classification accuracy. The reward learning in T-MEDIRL framework
can be formulated as a classification problem, where the trajectory with higher predicted
return should be classified as higher ranked given the predicted reward. Thus, we compare
the classification accuracy on the test set for both methods. Specifically, for any pair of
trajectories in the test set, we compute their returns from the predicted reward maps, if the
one having higher return corresponds to a smaller AEC value, it is considered to be correct.
The accuracy is computed by dividing the total number of correct classifications by the
total number of comparisons.

Secondly, to evaluate whether the reward map learned by our T-MEDIRL algorithm
can lead to a more energy-efficient policy, we generate optimal future trajectories from the
reward maps learned by both methods, and compare the AEC values of these planned tra-
jectories. To this end, we utilize a simulation environment for Mini-Cheetah that provides
the robot model, a state estimator and a controller.

We implement a simple PID-based waypoint follower to replace the remote controller
in the original simulator for sending motion commands to the controller. For each planned
trajectory of the test data, we load the corresponding elevation map to the simulator to sim-
ulate the terrain conditions, and make the robot follow the given trajectory under the trot
mode, as shown in Fig. 6.5. We log the simulated robot joint states during the trajectory
following for all planned trajectories in the test set, and compute the AEC for all trajec-
tories. For each method, using a sampling time of 2 ms, we compute the overall energy
consumed for all planned trajectories using (6.3), and divide it by the length of signals.

The quantitative results are given in Table 6.2, where we report the classification accu-
racy and AEC besides NLL and HD for both methods. As expected, MEDIRL has better
prediction results compared with T-MEDIRL (shown by the lower NLL and HD), which
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indicates that MEDIRL learns a reward function that better explains the demonstration, and
a policy closer to the demonstrated behavior. In contrast, the reward maps learned using
T-MEDIRL lead to a much higher classification accuracy, which shows the effect of the
energy-based trajectory ranking loss on reward regulation. Last but not least, the lower
AEC of the optimal future trajectories planned by T-MEDIRL directly shows that the re-
ward maps learned by T-MEDIRL are extrapolated beyond the suboptimal demonstrations
and lead to a more energy-efficient policy than demonstration.

Another interesting observation from Table 6.2 is the close NLL values for both meth-
ods. Although the trajectories planned by T-MEDIRL are spatially further away from the
expert demonstration (i.e., the relatively larger HD), the likelihood of the demonstrated
trajectories under the policy learned by T-MEDIRL is still relatively high. It indicates
that T-MEDIRL tends to plan a different trajectory to the demonstrated one, however, the
demonstrated trajectory remains a good policy under the learned reward.

6.5 Conclusion

This chapter addresses the problem of terrain traversability modeling for legged robots us-
ing deep inverse reinforcement learning. Two issues have been mainly considered in this
work. First, unlike vehicles, legged robots with high mobility tend to have more sudden
motions. Existing DIRL works using purely environmental features or handcrafted vehicle
kinematic features might fail to capture these sudden movements. The proposed deep re-
ward network can effectively learn robot inertial features from proprioceptive sensory data
and integrate the learned features into the reward map. We have shown that the proposed
reward network outperforms the baselines for reward learning and trajectory prediction.
Secondly, we have proposed a T-MEDIRL algorithm and locomotion trajectory ranking
strategy using energy to deal with the suboptimality of legged robot demonstrations. By
introducing a preference label for each demonstrated trajectory, the inferred reward map
can extrapolate beyond suboptimal demonstrations and lead to a better-than-demonstration

policy.

107



CHAPTER 7

Future Research Directions

This chapter outlines several main ideas for future research. Based on the findings in this

dissertation and most recent related works, I have summarized them into three directions:

end-to-end learning for robotic map representation, legged robots terrain traversability

modeling for agile space exploration, and semantic SLAM in a multi-robot setting. The

details are given as follows:

* End-to-End Learning for Robotic Map Representation. In this dissertation, the
underlying map representation consists of different probability distributions, for in-
stance, Categorical distribution for semantic maps in Chapter 4, Bernoulli distribu-
tion for occupancy and traversability maps in Chapter 5, etc. The most natural dis-
tribution is chosen to represent different environmental information, and to infer its
corresponding posterior distribution by incorporating measurements obtained from
a multi-task learning (MTL) deep network. In the future, I will explore the expres-
sive power of recurrent neural networks (RNNs) in map representation learning. The
expected result is a unified deep learning framework that takes temporal sequential
multi-modal exteroceptive sensory data and outputs a novel dynamic robot-centric
map representation. Specifically, as I envision that the ultimate map representation
for robots will be heterogeneous and graph-based, I will focus on devising a multi-

task recurrent graph neural network (RGNN) [228] for map representation learning.

Legged Robots Terrain Traversability Modeling for Agile Space Exploration.
Compared with ground vehicles, legged robots have the potential for traversing ex-
treme, off-road, and unstructured terrains, largely expanding the scope of robot/human
activities and scientific discoveries. For instance, in space exploration, many areas
of scientific interest, such as lunar pits, icy-moon crevasses, and Martian craters, are
inaccessible to current wheeled rovers [229]. Legged robots have the ability to tra-

verse these tricky terrains, however, enabling fully autonomous traversing remains
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challenging. In Chapter 6, an energy-based terrain traversability modeling method
is proposed for legged robots path planning. Instead of fitting a manually-defined
model-based traversability cost function, we learn the traversability cost as negative
reward from expert demonstrations in a deep inverse reinforcement learning (IRL)
framework. This work improves the reward/traversability cost prediction perfor-
mance for legged robots and deals with the demonstration suboptimality. In order
to increase the data efficiency and generalizing ability of the current approach, I will
further explore the application of meta learning theory for task adaptive reward learn-
ing. Preliminary research related to this topic has also been presented as multi-task
IRL [230] and meta-IRL [231].

* Multi-Agent Semantic SLAM. Besides robotic mapping and environmental mod-
eling, robot state estimation is also crucial for motion and task planning. Decades
of research on simultaneously localization and mapping (SLAM) have made tremen-
dous progress for single robot application. However, multi-agent SLAM such as
collaborative SLAM [232] and distributed SLAM [233] remains an open problem.
In the setting of multiple robots, SLAM is a hard optimization problem with ambigu-
ous data association. I believe my works on semantic mapping can provide a new
and efficient approach for probabilistic data association, thereby improving the pose

estimation accuracy.

To conclude, my future research will continue on robot perception and learning for
motion and task planning. Current end-to-end navigation deep networks can only complete
specific navigation goals which are trained for [198, 234, 235]. However, a proper map
representation and its versatile interfaces will provide a general and reliable solution for
various robotic tasks, and eventually allow robots to assist humans in hazardous missions,

and to aid with scientific discovery and exploration.
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