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An Indoor Localization System using Machine Learning and Data Fusion of RSSI and an

Accelerometer Sensor
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Abstract

This work presents the development of an indoor localization
system through the integration of Received Signal Strength Indicator
(RSSI) data with 3-axis acceleration data and machine learning
techniques. The study employs SparkFun Thing Plus - XBee3 Micro
wireless sensor nodes operating under the IEEE 802.15.4 standard
at 2.4 GHz to collect RSSI and acceleration data from volunteers.
The system was designed to classify three indoor locations: a
staircase area, a living room, and a dining room. The research
methodology involved testing and comparison of 33 machine
learning-based classification models using MATLAB R2024b.
Experimental results indicated that using only RSSI data with 12
features, a classification accuracy of 93.0% could be obtained. For
the fusion of RSSI data with 3-axis accelerometer data, totaling 51
features, there was an accuracy of 99.6% using the Fine k-Nearest
Neighbors (k-NN). Experimental results demonstrate that sensor
data fusion can significantly enhance localization accuracy with a

6.6% improvement.

Keywords:  Indoor Localization, Received Signal Strength

Indicator, Machine Learning, Accelerometer, Sensor Fusion
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10-Fold Cross-Validation Accurac Y.
Train 80% and Test 20%

Note
S11-S1K: acceleration signal in x-axis (Ax) for K samples

S21-S2K: acceleration signal in y-axis (Ay) for K samples
S31-S3K: acceleration signal in z-axis (Az) for K samples
S41-S4K: RSS! signal for K samples

F11-F1K to F111-F11K: RSSI features (11 features according to equations 1-11)
F121-F12K to FN1-FNK: 3-axis acceleration features (36 features according to equations 1-12)
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