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Outdoor Positioning and Tracking (trilateration)
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Indoor Scenario?
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Fingerprinting
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Who’s in charge?
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Classification Approach
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Hardware and Firmware

Scanning Stations
• ESP32 and ESP8266 -based 
• BLE and WiFi communication
• In-board serial communication
• <5s scanning interval
• MQTT-based information 

centralization
• Battery power  backup
• On-board display to show the 

available TAGs in range



Hardware and Firmware

Tracking TAGs
• HM-10 (TI 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

• Performance evaluation
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Behavior of the Acquired Signals
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Model Training on Edge Impulse

Data aggregation based on Flatten (moving average on one axis)

Impulse creation

Data acquisition for only 3 
locations

Feature generation



ANN Architecture
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5 stations in total.
Each input packet 

consists of 10 
samples (tw) of 

the RSSI for that 
station.

7 features per 
input:

Average, Minimum, 
Maximum, RMS, 

Standard Deviation, 
Skewness, Kurtosis.

26 output classes, 
one per locationHidden Layers



RSSI Signals and Pre-processing
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Model Training on Edge Impulse

Data aggregation based on Flatten (moving average on one axis)

Impulse creation

Data acquisition for 26 
locations

Feature generation



Model Training on Edge Impulse



Model Behavior for 26 Locations

• Around 88-90% accuracy.

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

• Post-processing?



Post-Processing: Moving Median

94%
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WiFi Sensing: Channel State Information

IEEE 802.11 Overview (From 11a to 11ac) – Wilus Group www.wilusgroup.com 

Channel State Information (CSI) is the 
known channel properties of a 
communication link. It represents the 
combined effect of, for example, 
scattering, fading, and power decay 
with distance.

Detailed channel attributes like 
amplitude, phase, and frequency 
response are examined over time, 
yielding insights about the 
environment. 64 sub-carriers à 64 real and 64 imaginary values (128)

3 APs à 384 CSI values + 3 RSSI values = 387 values per sample

http://www.wilusgroup.com/
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ANN Architecture

Pre
Processing
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Spectral 
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For a single sample:
384 CSI values 

coming from 3 AP

For the time-series case, 
7 features per input:

Avg, Min, Max, RMS, Std Dev, 
Skew, Kurtosis.

25 output classes, 
one per locationHidden Layers



The Impulse!



CSI vs RSSI



How about a Regression Approach?
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Error in meters!

Regressors Errors:
• Linear: 0.63 m
• Decision Tree: 0.81 m
• Random Forest: 0.73 m
• XGBoost: 0.95 m
• Artificial NN: 0.62 m
• GRU: 0.58 m
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