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Matching localization results

* Teng, Jin, et al. "EV-Loc: integrating electronic and visual signals
for accurate localization." IEEE/ACM Transactions on Networking

(TON) 22.4 (2014): 1285-1296.

* Andriluka, Mykhaylo, Stefan Roth, and Bernt Schiele. "People-
tracking-by-detection and people-detection-by-tracking." 2008
IEEE Conference on computer vision and pattern recognition.
IEEE, 2008.



Matching localization results

Traditional cv can detect people with visual signals.
Using Hungarian Algorithm to match localization results from camera vision and
wireless vision.

Camera Vision Wireless Vision




Matching localization results

Traditional cv can detect people with visual signals.
Using Hungarian Algorithm to match localization results from camera vision and
wireless vision.




Matching localization results

Assume here that the electronic signals and visual signals are complete
with no false negatives or positives, i.e., there are no “ghost” or missing

objects.

Generate a similarity matrix between every pair of consecutive visual

frames.
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Phone Camera enhanced by WiFi

* Xu, Han, et al. "Enhancing wifi-based localization with visual
clues." Proceedings of the 2015 ACM International Joint Conference on
Pervasive and Ubiquitous Computing. ACM, 2015.

* Xu, Han, et al. "Indoor localization via multi-modal sensing on
smartphones." Proceedings of the 2016 ACM International Joint Conference
on Pervasive and Ubiquitous Computing. ACM, 2016.

« Sattler, Torsten, Bastian Leibe, and Leif Kobbelt. "Fast image-based
localization using direct 2d-to-3d matching." 2011 International Conference
on Computer Vision. IEEE, 2011.



Phone Camera enhanced by WiFi

* Image-based localization using 2d-to-3d matching




Phone Camera enhanced by WiFi

* Image-based localization using 2d-to-3d matching
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Phone Camera enhanced by WiFi

« SIM
» hundreds of overlapping images
« polygon (100 photos, lack of scaling, rotation)




Phone Camera enhanced by WiFi
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Phone Camera enhanced by WiFi
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* Interpolated Training Point

Polygons Satisfy the Geometric Constraints

(a) Rough Location Estimation by WiF1

(b) Candidate Polygon Selection by Pruning

(c) Fme-grained Localization by Interpolation

« Step 1: Rough Location Estimation by WiFi
« Step 2: Candidate Polygon Selection by Pruning
« Step 3: Fine-grained Localization by Interpolation



Phone Camera enhanced by WiFi
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* Interpolated Training Point

Polygons Satisfy the Geometric Constraints

(a) Rough Location Estimation by WiF1 (b) Candidate Polygon Selection by Pruning

(c) Fme-grained Localization by Interpolation
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Phone Camera enhanced by WiFi

:jéf ﬂfﬁ in

i

-

| . |
E ||
A\ = | = } Lll |
h \i‘l\ | =] | \
P S '
(a) Original Image (b) Extracted lines (c) After Processing

Figure 3. Indoor Geometric Reasoning by Line Segments

Estimation of scaling
Utilizing floor plan and sensor data to reason indoor geometric scaling

(d) Map to Floor Plan




Phone Camera enhanced by WiFi

Coordinate in Y axis
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Coordinate in X axis

Coordinate in Y axis
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Estimation of rotation:
Find the entrance, cluster “K-Edges”
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Coordinate in X axis




(a) Floor plan

Phone Camera enhanced by WiFi
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Rough location: multi-modal
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Surveillance Camera and multi-modal sensors

* Enabling Public Cameras to Talk to the Public

* Self-deployable Indoor Localization with Fused Observation



Surveillance Camera and multi-modal sensors
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Phone detects:
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