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Indoor WiFi localization algorithm based on the improved contrastive
learning and parallel fusion neural network

Pu Qiaolin, Chen Youkun,Zhou Mu, Yu Zhengwei,Zhang Yukun

(School of Communications and Information Engineering, Chongqing University of Posts and

Telecommunications, Chongging 400065, China)

Abstract: Machine learning plays an important role in WiFi fingerprint localization techniques. To address the problem that the effect of
signal fluctuation on fingerprint recognition is often ignored and how to extract broader representation information from samples, this
article proposes a WiFi localization algorithm based on improved contrastive learning and parallel fusion neural network. Firstly, the
algorithm utilizes the improved CL to improve fingerprint discrimination, which increases the differentiation between different categories
of fingerprints while reducing the differences between fingerprints of the same category. Secondly, a parallel fusion network based on
CNN and LSTM is established. Compared with the traditional serial fusion method, the network can extract more effective features from
the original samples. In addition, a flatten layer is added after the pooling layer to further consider the intermediate layer information of
the network. Thus, a wider range of feature information is utilized to improve the generalization performance of the model. The results
show that the proposed algorithm improves the localization performance by 26% over other localization algorithms.
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Fig. 1 Framework of the proposed algorithm
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Fig.2 Improved contrastive learning framework
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Fig. 3 Converged network architecture
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Table 1 Feature fusion network structure and parameters

2 WEAEGE BN BOERE
THERZE 32 3x3 ReLU
YRR 32 3x3 ReLU
BRI 2 - 2x2 -
Flatten /2 - - -
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TRy B ETE 64 3x3 ReLU
TN BT 64 3x3 ReLU
Kb 2 - 2x2 -
Flatten )2 - - -
LSTM )2 32 - tanh
LSTM
Flatten JZ - - -
EEREZ S SRR - Softmax
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Table 2 Experiment parameters
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Fig.5 Performance of different feature processing methods
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LAFE 24 7=0.3 1,3 330 09 2 0012 22 73 51 0
0.72.0.80.0. 63 m, brifiE 22 534 77 AR 22 AR, sy
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REIR
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Table 3 Positioning errors for different temperature parameters 7 m

T 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Mean 1.32 0.93 0.72 0.93 1.19 1. 36 1.42 1. 64 1.91

HE STD 0.69 0.74 0.31 0.28 0.61 0.61 0.72 0.63 0.55
RMSE 1. 49 1.18 0.78 0.97 1.33 1. 49 1.59 1.75 1.98

Mean 1.38 1.24 0. 80 1.07 1.16 1.31 1. 66 1.97 2.32

HE2 STD 0.57 0.52 0. 56 0.49 0.49 0.53 0.57 0. 40 0.83
RMSE 1. 49 1.34 0.97 1.17 1.25 1. 41 1.75 2.01 2. 46

Mean 1.20 1.12 0.63 0.89 0.97 1.26 1.50 1. 66 2.01

FE R STD 0.50 0.47 0.37 0.20 0.34 0. 68 0.77 0. 86 1.20
RMSE 1.30 1.21 0.72 0.91 1.02 1.43 1. 68 1. 86 2.33
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Fig. 6 The relationship between the evaluation accuracy of different network models and the number of iterations
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Fig.7 Positioning errors of four network models in

different environments
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Table 4 Robustness evaluation results for different

network models

S Robust
X 25 A5
HE 1 HE 2 AR
CNN 0.24 0.26 0.25
CNN+LSTM 0.27 0.25 0.25
CNN+mid 0.26 0.26 0.27
PaCNN-LSTM 0.31 0.32 0.28
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B F LA 4 ) PaCNN-LSTM+CL, Jf 56 J5 i K 43
9% ( K-nearest neighbor, KNN) Fl 37 ¥ [n] & #1535
('support vector machine, SVM) £t PaCNN-LSTM , 35
ARG FFIEAL T 3 R IEA T LR, 5 R AN 8 T3k 5
s, B8 JiE iR 2 i B 45 BR B ( cumulative
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Fig.8 CDF of positioning errors for different positioning algorithms
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Table 5 Positioning errors of different positioning

algorithms m
RER A RGR HE1 HE2 R
KNN 2.52 2.50 4.08
KNN+CL 1.20 1.35 1.28
SVM 2.77 2.35 3.56
SVM+CL 1.08 1.00 1.08
PaCNN-LSTM 1.98 1.91 2.31
PaCNN-LSTM+CL 0.59 0.79 0.82
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