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&3 Semantic Spatial Knowledge /5

Focus on spatial knowledge

Understanding space is fundamental for embodied
agents e.g. mobile robots

Representations allow to reason about space beyond
sensory horizon (in space and time)

Humans conceptualize the world to more
efficiently and robustly reason and act
Indoor environments

Made by humans for humans

Share a lot of semantics and structure

A. Pronobis. Semantic Maps for Mobile Robots: Perception, Representation, Reasoning and Actions



~?@"§“b& n "
{&} Typical Scenarios A)

Agent:
Mobile service robot

Environment:
Indoor environments e.q. homes, offices
Potentially large-scale

Tasks:

Typical human tasks :
Location-specific e.g. washing dishes, cooking ,'
Fetch and carry, search for objects 'l
Goal-driven exploration, search for places
Communication/collaboration with users
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i5%8F Semantics in Our Scenario

TRNE

Knowledge transfer, bootstrapping
From humans

From human knowledge sources
Common ground for HRI

Understanding humans o

e.g. referring expressions 4 i

Verbalizing knowledge : L
Untrained human users

Helping perception
Performing tasks
Based on instructions
Efficient planning — abstraction
Efficient execution — dependencies between concepts

Where is the
1 IT help desk?

Itis on the 1st
<l floor in building

It is at

<{45.5b- -3.92. L0O.45>
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Sources of Semantic Information A)

Semantic knowledge is intrinsically multimodal
Objects — e.g. computers
Landmarks — e.qg. doorways
General appearance — e.g. bathroom-like
Geometry — e.g. elongated room
Dialogue — R:"Is this a kitchen?” H:"No!”
Topology — room connectivity
Actions — e.g. washing dishes
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{it8 Semantic Mapping
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Semantic Perception
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sy Semantic Perception
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Objects
Landmarks
Place classification

Camera

Laser
Scanner
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Rased®

[Murillo et al., Visual Door Detection Integrating Appearance and Shape Cues, RAS'07]
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[NUchter&Hertzberg, Towards semantic maps for mobile robots, RAS'08]
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¢sst Doors, Drawers, Fixtures

DISH
WASHER

DRAWER

[Blodow et al., Autonomous Semantic Mapping for Robots Performing
Everyday Manipulation Tasks in Kitchen Environments, IROS'11]

A.Pronobis. Semantic Perception and Mapping for Knowledge-enabled Service Robotics



e )
¢si8 Furniture Detection

"%»x@"

13\ '-‘¥“ ; \ ‘;'
; ‘\7 \
' l\l
\ Web
Models
s i Real @
- Environment =i |

[Mozos et al., Using Web Catalogs to Locate and Categorize
Unknown Furniture Pieces in 3D Laser Scans, RAM'11]
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Rased®
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[Torralba et al., Context-based vision system for place and object recognition, ICCV'03]
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Place Categorization - Appearance

J.um.. ,

[Ranganathan, PLISS: Labeling Places

Using Online Changepoint Detection, i Ol [ Gl = g 3.1 1
Autonomous Robots'12] A i L L) Ll L ) tl o EL T ET i T i
h 7% W) Lol b [ 3 - BEEECEE

il Lot MGG L) 2T 6T 6T B G T o

SIS
Hli i

1 SO0 1500
Dining Living
Room Room

anoon 2500 Jonn

. Bedroom

3500 4000 4500 S00on 5500 G000 6500

. Transition |:| Kitchen |:| Bathroom

A.Pronobis. Semantic Perception and Mapping for Knowledge-enabled Service Robotics



v

o G

(st Place Categorization - Geometry

Rased®

BN Corridor N Room Doorway

[Mozos et al., Supervised semantic labeling of places
using information extracted from sensor data, RAS'07]
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Geometrical Features

Global Features

Histogram

Local Features
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[Pronobis et al., Multi-modal semantic place classification, IJRR"10]
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58 Non-probabilistic, Uni-modal

o

ao@&_xwu
S
Iéhing::
NI
,'hr’ I T f./—L-
I \‘Object
‘\‘\ . 1“”
‘ """"""""""" Bed "“——'/BL::I\
G\TI\ room \\\ -\_e_‘ /
o/ r'y e
r : - 50@}'{
1 N A
.............. — ‘
RN
N [bed-1) /
_,'J / \ lla E\l : \7_ _/
/ [Placel] \room-B/ !

\__/ N

Spatial Hierarchy Conceptual Hierarchy

[Galindo et al., Multi-hierarchical semantic maps for mobile robotics, IROS'o5]
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[Zender et al., Conceptual spatial representations for indoor mobile robots, RAS'08]
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[Vasudevan&Siegwart, Bayesian space
conceptualization and place classification for
semantic maps in mobile robotics, RAS'08]

Cluster 1 =#
Cluster 2 =#
Cluster 3 = workspace (0.9827)
Cluster 4 = storagespace (0 9521)
Cluster 5 = sloragespace (0.5251)
Cluster 6 = cookingspace (0.9370)
Cluster 7 = garbagespace (0 9037)
Cluster 8 =#
Cluster 9 = sloragespace (0.8114)
Cluster 10 = storagespace (0.7153)
Cluster 11 = storagespace (0.9669)
Cluster 12 = storagespace {0.8114)
Cluster 13 = storagespace (0.8304)
Cluster 14 = bookgroup (0.7563)
Place = kitchen (0.9922)
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Probabilistic, Multi-modal
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[Pronobis&Jensfelt, Large-scale semantic mapping and
reasoning with heterogeneous modalities, ICRA'12]
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Exploiting Semantics
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Visualization of placeholders Object is found

[Aydemir et al., Plan-based object search and exploration using
semantic spatial knowledge in the real world, ECMR'11]
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[Tellex et al., Approaching the Symbol Grounding Problem
with Probabilistic Graphical Models. Al Magazine'11]
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[Tenorth et al., Web-enabled Robots: Robots that use
the Web as an Information Resource, RAM'11]
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iy Conclusions /S

Many approaches to semantic:
Perception - Multiple modalities
Representation - Abstraction
Reasoning - Probabilistic / non-probabilistic
Semantics will be heavily exploited in future
service robots
Need for: scalability, robustness
Areas to explore:
Large amounts of data
Adaptive methods and life-long operation
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