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Outdoor Positioning and Tracking (trilateration)
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Indoor Scenario?
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Fingerprinting




Who's in charge?

Intelligence at the Edge Infrastructure Intelligence at the Mobile Device




Classification Approach
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Proposed Solution (Edge Infrastructure
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Hardware and Firmware

Scanning Stations

« ESP32 and ESP8266 -based

* BLE and WiFi communication
* In-board serial communication
» <5s scanning interval

e MQTT-based information
centralization

» Battery power backup

* On-board display to show the
available TAGs in range




Hardware and Firmware

Tracking TAGs

« HM-10 (Tl CC2541)
 BLE advertisement

* Low power consumption (CR1616
battery)

* 500ms beacon message Interval




System Integration

Test Scenario

* 5 scanning stations
located in a controlled
environment.

» Data acquisition in
predefined coordinates

* Observe and analyze the
behavior of the signals

* Model training

e Performance evaluation
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Behavior of the Acquired Signals

Potencia sefiales recibidas del TAG en desplazamiento por 5 estaciones
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Model Training on Edge Impulse

Data aggregation based on Flatten (moving average on one axis)
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" ANN Architecture
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RSSI Signals and Pre-processing
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Model Training on Edge Impulse

Data aggregation based on Flatten (moving average on one axis)
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Model Training on Edge Impulse

ACCURACY LOSS
94.4% 0.11

Confusion matrix (validation set)

0,0 1,3 2,2

0,0 99.0% 0% 1.0%
1,3 16.3% 83.7% 0%
2,2 0% 0% 100%

F1 SCORE 0.92 0.91 1.00




Model Behavior for 26 Locations

0,0 - correct
0,1 - correct
0,2 - correct
1,0 - correct
1,1 - correct
1,2 - correct

* Around 88-90% accuracy.

 The distance error is
difficult to estimate since
it is a classifier.

1,3 - correct
2,0 - correct
2,1 - correct
2,2 - correct
2,3 - correct
3,0 - correct

* Post-processing?
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Post-Processing: Moving Median

Table 10. Estimation accuracy of TAG location in real deployment.

Location 0,0 0,1 0,2 1,0 1,1 12 13 2,0 21
Accuracy  86%  87%  87%  85%  88%  90%  89%  87%  88%

Location 2,2 2,3 3,0 3,1 3,2 4,0 4,1 4,2 5,0

Accuracy  86%  90%  88%  87% 8%  91%  85%  88%  86% 88 %
Location 51 5,2 6,0 6,1 6,2 7,0 7,1 7.2

Accuracy 88% 88% 91% 86% 91% 87% 85% 93%

Table 11. Estimation accuracy of TAG location in real deployment after applying the post-
processing stage.

Location 0,0 0,1 0,2 1,0 1,1 1,2 1,3 2,0 2,1

Accuracy  93% 95% 93% 91% 95% 95% 94% 93% 95%

Location 2,2 2,3 3,0 3,1 3,2 4,0 41 42 5,0 9 4 cy
Accuracy  92% 97% 93% 90% 92% 94% 89% 94% 89% o
Location 51 5,2 6,0 6,1 6,2 7,0 7,1 7,2

Accuracy  95% 93% 99% 94% 97% 95% 80% 97%
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WiFi Sensing: Channel State Information

Channel State Information (CSI) is the = A 312.6 kHz
known channel properties of a { 1 ) ¢\I/
communication link. It represents the M
combined effect of, for example, 4
scattering, fading, and power decay ’ # |

with distance.

Detailed channel attributes like

amplitude, phase, and frequency "
response are examined over time, 26 2 oy T 212 subcarrier
yielding insights about the Channel center frequency numoer
environment. 64 sub-carriers 2> 64 real and 64 imaginary values (128)

3 APs - 384 CSl values + 3 RSSI values = 387 values per sample

|[EEE 802.11 Overview (From 11a to 11ac) — Wilus Group www.wilusgroup.com



http://www.wilusgroup.com/
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ANN Architecture
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For the time-series case,
7 features per input:
Avg, Min, Max, RMS, Std Dev,
Skew, Kurtosis.
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How about a Regression Approach?
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Error in meters!
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Thank you!

Prof. Diego Méndez Chaves, Ph.D

Associate Professor - Electronics Engineering Department
Director of the Master Program in Internet of Things
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