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ABSTRACT

Wi-Fi Received Signal Strength Indicator (RSSI) is considered one of the most important sensor data types for indoor

localization. However, collecting a RSSI fingerprint, which consists of pairs of a RSSI measurement set and a corresponding

location, is costly and time-consuming. In this paper, we propose a Wi-Fi RSSI learning technique without true location data

to overcome the limitations of static database construction. Instead of the true reference positions, inertial measurement unit
(IMU) data are used to generate pseudo locations, which enable a trainer to move during data collection. This improves the
efficiency of data collection dramatically. From an experiment it is seen that the proposed algorithm successfully learns the

unsupervised Wi-Fi RSSI positioning model, resulting in 2 m accuracy when the cumulative distribution function (CDF) is 0.8.
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Fig. 1. Visualization of time-series sets of Wi-Fi.
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Table 1. Positioning model learning algorithm.

Algorithm 1 Positioning model

1: Repeat
2: Sample random minibatch of time-series sets of Wi-Fi from
3: Perform feedforward for each Wi-Fi data
4: Learn with the loss function of Eq. (13)
5: Until end of learning
Table 2. Autoencoder architecture.
Input layer 701
1* hidden layer 300
2" hidden layer (Feature data) 40
3 hidden layer 300
Output layer 701
Learning rate 0.0001
Optimizer Adam
Activation function LeakyReLU, ReLU
Dropout 0.5
epochs 15000
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Fig. 2. Flowchart of training algorithm.
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Table 3. Positioning model architecture.

Input layer 40

hidden layer 300x3
Output layer 2

Learning rate 0.0001
Optimizer Adam
Activation function ReLU
Regularization parameter 0.0001
epochs 3200

Fig. 3. Training datasets predicted by positioning model. The size of the
horizontal axis of the map is 85 m and the vertical axis is 45 m.
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Fig. 4. Evaluation of the test datasets (blue point) test datasets predicted
by positioning model (red line) trajectory shown by connecting blue points
in chronological order (black line) ground-truth. The size of the horizontal
axis of the map is 85 m and the vertical axis is 45 m.
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Table4. Localization error of the positioning model.

Localization error [m)]
Minimum Median Maximum Mean 80%
0.1263 1.4805 9.1177 1.7727 2.6009

CDF
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Fig.5. CDF of the test datasets.
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