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Abstract Aiming at the problems of low accuracy of indoor positioning technology and computational complexity,
an indoor fingerprint location algorithm based on optimized convolutional autoencoder-self organizing map (OCAE-
SOM) is proposed. In the offline stage, first, we use the amplitude and phase-preprocessing matrix of a channel
state information as the original input data and adjust it to the RGB format to train the convolutional autoencoder
(CAE) algorithm so that it can deeply mine the fingerprint features of a reference point. The Adam algorithm is
employed to optimize the parameters of the CAE algorithm, which not only reduces the data dimension but also
improves training efficiency. Then, we use the OCAE-SOM algorithm for model training. It can shorten the time to
train the model separately. Finally, we use the Adam algorithm to optimize the weight of the self-organizing map,
which can be better retain the correlation between output features to avoid the local optimization of weight
parameters. In the online stage, the adjusted test data are input into the OCAE-SOM algorithm, and the output
location point is obtained after matching. The experimental results show that the OCAE-SOM algorithm is
significantly better than existing algorithms in terms of positioning time and accuracy, and it has certain application
values.
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Network structure of CAE

Layer Parameter
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Table 2 Parameter setting of Adam algorithm

Parameter Meaning Value

a Learning rate 0.01

Exponential decay rate of 1™
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Fig. 4 Loss comparison curves of different sizes
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Table 3 Comparison of location accuracy of feature extraction methods

Method Environment Maximum positioning error /m Average positioning error /m Training time /s
LOS 4.5382 1.2725 3.41
CAE
NLOS 7.9603 1.9341 6.32
LOS 6.0362 1.7260 7.29
PCA
NLOS 9.5374 2.3071 12.53
LOS 6.5607 1. 9564 9.72
Statistical average
NLOS 10. 6243 3.0472 16. 74
MK 3 LA B AH T PCA 55831 X i fh 90
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Fig. 5 Contrastive curves of accuracy in different modes
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Table 4 Performance comparison of proposed algorithm before and after improvement

Probability distributions /%

Algorithm Training time /s
Accumulate within 1 m Accumulate within 2 m
CAE-SOM 62.71 85. 36 10. 42
OCAE-SOM 70. 54 96. 11 1. 86
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Fig. 6 Comparison of positioning accuracy of four indoor positioning algorithms in different environments.

(a) NLOS layout; (b) LOS layout
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Table 5 Average location response time of different algorithms

Algorithm CSIl-improved WKNN smoothing+SVM CSI-XGBoost OCAE-SOM
Average location
10. 249 8.935 8.027 6.914
response time /ms
MIE 6 7] LLE B, 78 LOS i i 5 NLOS i J&
Z5 e

H, CSl-improved WKNN 9% # & F (1) % 53 1 H
A=A 22 4 B 7 R R A BT IR 5
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