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Indoor Space P

* Indoor Positioning Technologies
— Assisted GPS (A-GPS),Wi-Fi, RFID and Bluetooth

* |ndoor Distance-aware Location-based Service

— Nearby service notification, advertisement

* |ndoor Distance characteristics [ = | ¢ KR
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Overview a4
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* |ndoor distances

(door-door distance, door-point distance, Expected Indoor distance)

° Composite Indoor Index (for Indoor space and obijects)
e Distance-aware queries (range query, k-NN)

Tree tier Skeleton tier works Constrains Variations Uncertainties
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Indoor distances
— Expected indoor distances
— Indoor distance categories
— Upper/lower bounds
An composite indoor index
— Three layers, two tiers, and
Indoor distance-aware queries
— Entity-based query (range query)
— Rank-based query (k nearest neighbor query)
Results

Conclusions
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Expected Indoor Distances ™ “
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Pros Cons

* Interpretative in entity-based e Expensive to calculate
guery (range query)

e Semantically comprehensive
in rank-based query (kNN
qguery) [CLY09]

How to solve?
To use upper/lower bound
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Cases of Indoor Distances =

 Single-partition Single-path Distance
 Single-partition Multi-path Distance
e Multi-partition Path Distance
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Note: to evaluate |q, O|i, we have find shortest paths from q to all O’s instances.
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Upper/lower Bounds g@%aisy M
for Indoor Distances

e Euclidean Lower Bound

* Topological Upper/lower Bound
— Topological Lower Bound 1q, Olmint, |q, OlmaxT1]
— Topological Upper Bound

* Probabilistic Upper/lower Bound

— Markov Lower Bound

— Probabilistic Upper/lower Bound
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Lemma 4: (Markov Lower Bound)

|9, Sli|maar - (1 — i)

Lemma 5: (Probabilistic ULBounds)
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Indoor Distances
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INDOOR DISTANCES AND THEIR UPPER / LOWER BOUNDS

Indoor Distance Bounds

Single-partition single-path distance | Indoor Topological Upper/ Lower
Single-partition multi-path distance | Bounds (Equation 7)

Multi-partition path distance [ndoor Probabilistic Upper/ Lower
Bounds (Equation 8)

Pros Cons

* Indoor distance could be * Require calculating shortest
well-approximated, thus path from q to an object.
computational efforts are * Expensive for a large graph.
saved

How to solve?

To retrieve a sub-graph by using
Pruning techniques.
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COMPOSITE INDEX
FOR INDOOR SPACES
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COMPOSITE INDEX =daisy * ((
FOR INDOOR SPACES

e Tree tier -
— branch-and-bound C/j [

e Skeleton tier ] /k
T e ¢/ -7

— Skeleton distance ~2C_z =7

— Geometric Lower Bound Property
e Dynamic Operation

— Topological Layer Operations

— Object Layer Operations
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Experimental Studies

Parameters Values
Indoor Space Size of each floor 600m*600m*4m
# of rooms per floor 100 rooms
# of floors 10, 20, 30 floors
Indoor Moving Objects # of objects 10k, 20k, 30k
Uncertainty 5, 10, 15 meters
Probability distribution Gaussian Distribution
# of instances per object 100
Queries iRQ 50, 100, 150 m (range)
ikNNQ 50, 100, 150 (k)
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Effectiveness of daisy
Indoor Distance Bounds
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Conclusion

We investigate indoor distances w.r.t. indoor uncertainties and
topologies;

For efficiency, we derive upper/lower bounds for indoor
distances;

We design a composite index to facilitate indoor queries;
Experiments show the efficiency, effectiveness, and scalability.

Future work
— Study other query semantics;

— Study how to reuse the topological computation
efforts for multiple, related queries.
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