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Indoor Positioning Based on Time Sequences Fusion

YU Lianjie, LI Jianfeng, XU Rui, ZHANG Xiaofei
(College of Electronic Information Engineering, Nanjing University of Aeronautics and Astronautics, Nanjing 211106, China)

Abstract: This paper proposes a novel indoor positioning algorithm based on time sequences fusion in
Pauta criterion-correlation coefficient convolutional neural networks (P-C-CNN). The P-C-CNN approach
integrates data points from different nodes and various time sequences, leveraging the interconnectedness
of temporal and spatial data to enhance the accuracy and reliability of indoor positioning. Firstly, this
method utilizes the Pauta criterion-correlation coefficient (P-C) algorithm to remove outliers in angle of
arrival (AOA) -received signal strength (RSS) data, improving the quality of the training data. Secondly,
the algorithm randomly selects data at intervals, reducing the training time of the model and effectively

simulating the uncertainty of data selection in the online positioning phase, thus reducing overfitting of the
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model to the training data. Furthermore, the traditional single-frame information training method is unable
to stably extract information features due to the mixture of noise. The proposed algorithm randomly selects
multiple frames of fixed length from the continuously collected AOA-RSS data within time sequences
fusion, and then employs convolutional neural networks (CNN) for feature extraction. This approach can
avoid the issue of large error fluctuations commonly encountered in single-frame signal positioning. Finally,
through extensive practical testing, this paper has validated the effectiveness of the proposed method. The
experimental results demonstrate that in typical indoor environments, compared to fingerprint positioning
algorithms that solely rely on RSS data or AOA information, the proposed algorithm achieves an improved
classification accuracy from 91.6% to 96.4% , and the positioning accuracy is improved from 1.3 m to 0.3
m. Moreover, compared to the traditional model-based AOA-RSS joint positioning, this algorithm
effectively addresses the influence of interference factors such as multipath effects observed in real-world
measurements. The positioning accuracy is improved from 1.1 m to 0.3 m.

Key words: indoor positioning; deep learning; convolutional neural networks; joint positioning; time

sequences
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Table 1 Convolutional neural network structure

B AR i H B O AL ELiCie
1 Flatten (1,144) 7 0
2 Conv2D (1,16,11, 11) RelLU 80
3 Dropout (1,16,11, 11) g 0
4 Conv2D (1,8,10, 10) RelLU 520
5 Dropout (1,8,10, 10) Jo 0
6 Flatten (1,800) T 0
7 Dense (1,800) RelLU 116 000
8 Dense (1,128) RelLU 102 528
9 Dense (1,64) RelLU 8 256
10 Dense (1,25) tanh 1625

3.2.3 ZALEE 4%
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dgridError:7J J N/(.I*OZS)Z‘F(J}*OZS)Z dIdy (7)
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dAIl - ndan + dgridFrror (8)
3.2.4 SEm%R
R T B UEAS SO A R RORL , A K AR AR 0 4.8 DL R 12 Wi 5 AR AE B HEAT AL L A RN R 2 R .
R2 ARAEFEEBHEMEMEE

Table 2 Accuracy and positioning accuracy of different algorithms

. AT 20 A S BGER R TR 20 A S BUE AR/ m

ik 1 4 8 12 1 4 8 12
P-C-CNN 92.50 94.66 96.20 96.40 0.28 0.26 0.26 0.25
CNN(AOA-RSS %u##) 90.88 92.46 94.02 94.80 0.85 0.67 0.62 0.65
WEKNN(RSS %) 54.53 79.11 83.04 83.69 1.10 0.70 1.09 1.28
WKNN(AOA-RSS % ##) 91.91 92.27 92.28 92.48 1.06 1.02 1.00 1.07
AOA(AOA %¥i) J ¥ ¥ J 1.37 1.13 1.03 1.01
AOA-RSS-LS(AOA-RSS #i4i) J J Jc I 0.93 0.76 0.73 0.71
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WEAf 1 Fig.10 Variation of RMSE with the number of signal
Fig.9 Accuracy of different machine learning algorithms combination groups for different algorithms

after combining signal data of different groups
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