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Abstract

To improve the positioning accuracy of indoor WiFi fingerprinting technology and reduce the
number of model parameters, this paper proposes a lightweight indoor positioning model based
on Convolutional Neural Network (CNN). Firstly, the received signal strength indication (RSSI)
values are processed into a two-dimensional grayscale image. Then, deep separable convolutions
are used for feature extraction, and the extracted features are passed through adaptive pooling
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layers to maintain a fixed output size and reduce the number of parameters in fully connected
layers. Finally, the features are inputted into the fully connected layer for classification. Experi-
mental results on the UJlindoorLoc dataset and Tampere dataset show that the model achieves
accuracies of 99% and 99.7% respectively for floor-level positioning, with an average coordinate
localization error of 6.51 m and 48,685 training parameters. Compared to existing advanced in-
door positioning models, this model achieves higher positioning accuracy with fewer model pa-
rameters.
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Figure 1. Network architecture diagram
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Figure 2. Converting RSSI to a grayscale image
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Figure 3. Class distribution of the UJlIndoorLoc dataset
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Figure 4. Accuracy and loss trend graph of the model on the UJlIndoorLoc dataset
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Figure 5. Confusion matrix of the model trained on the UJlIndoorLoc dataset
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Table 1. Comparison of the localization performance of our model on the UJlIndoorLoc dataset with the latest methods (re-
sults not reported in the benchmark paper are marked with a hyphen “-”)
2 1. UdlindoorLoc ¥ EAER EM M BE SR EMEREER P RIREMSERBZETH “ -7 #5iD)

Hndi T3 HRHE R REZHE R 5E DL iR 7 (Mean)
UJlIindoorLoc Scalable DNN [7] 99.82% 91.27% 9.29m
CNNLOC [9] 100% 96.03% 11.78 m
CDAE-CNN [12] - 95.30% 124 m
DeepLocBox [13] 99.64% 92.62% 9.07m
CNN (AX2) 100% 99% 6.51m
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Figure 6. Accuracy and loss trend graph of the model on the tampere dataset
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Table 2. Comparison of the localization performance of our model on the Tampere dataset with the latest methods (results
not reported in the benchmark paper are marked with a hyphen “-”)
= 2. Tampere $UE&E EARBEM S HRMAENELREERLLHPRRENERBAEFH “ -7 #10)

EAE7 R 7% B AR R EHER 2R € 7% 22 (Mean)
Tampere CNNLOC [9] 100% 96.03% 11.78
HADNN [14] - 93.15% 14.93
direct-ELM [15] 99.64% 90.45 1057
CNN (£ 0) 100% 99.7% -
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Figure 7. Confusion matrix of the model trained on the tampere dataset
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Table 3. Performance comparison with different parameters
3. TRIZHMRELLRER

TSN 64 x 64 64 x 64 64 x 64
i PR TIA TeA TIA TeA TIA TeA
Relu 99.9%  99.0% 99.3%  98.5% 98.7%  97.8%
Elu 99.9% 98.6% 99.7%  98.9% 98.3%  97.5%
4. INGS

AR SR — P B 22 N 46 1) A A E AR AR, X T A E S AT AR R S B
A BB . R AR T2 B SR & R R R URAE, FECRIERSEERIRTIR T, &%
R T BRSECRAN, I HFERARRE AL AR 2

SEEk
[1] Basiri, A, Lohan, E.S., Moore, T., et al. (2017) Indoor Location Based Services Challenges, Requirements and Usabil-

ity of Current Solutions. Computer Science Review, 24, 1-12.

[2] Xia, S.X., Liu, Y., Yuan, G., Zhu, M.J. and Wang, Z.H. (2017) Indoor Fingerprint Positioning Based on Wi-Fi: An
Overview. ISPRS International Journal of Geo-Information, 6, Article 135. https://doi.org/10.3390/ijgi6050135

[3] Spachos, P. and Plataniotis, K.N. (2020) BLE Beacons for Indoor Positioning at an Interactive loT-Based Smart Mu-
seum. IEEE Systems Journal, 14, 3483-3493. https://doi.org/10.1109/JSYST.2020.2969088

[4] Torres-Sospedra, J., Montoliu, R., Trilles, S., Belmonte, O. and Huerta, J. (2015) Comprehensive Analysis of Distance

DOI: 10.12677/sea.2023.124060 627 B TR R


https://doi.org/10.12677/sea.2023.124060
https://doi.org/10.3390/ijgi6050135
https://doi.org/10.1109/JSYST.2020.2969088

SO, TR

(5]

(6]
[7]

(8]
[°]

[10]

[11]
[12]
[13]

[14]

[15]

and Similarity Measures for Wi-Fi Fingerprinting Indoor Positioning Systems. Expert Systems with Applications, 42,
9263-9278. https://doi.org/10.1016/j.eswa.2015.08.013

Chriki, A., Touati, H. and Snoussi, H. (2017) SVM-Based Indoor Localization in Wireless Sensor Networks. 2017 13th
International Wireless Communications and Mobile Computing Conference (IWCMC), Valencia, 26-30 June 2017,
1144-1149. https://doi.org/10.1109/IWCMC.2017.7986446

Zhang, W., Liu, K., Zhang, W.D., Zhang, Y.M. and Gu, J.S. (2016) Deep Neural Networks for Wireless Localization
in Indoor and Outdoor Environments. Neurocomputing, 194, 279-287. https://doi.org/10.1016/j.neucom.2016.02.055

Kim, K.S., Lee, S. and Huang, K.Z. (2018) A Scalable Deep Neural Network Architecture for Multi-Building and
Multi-Floor Indoor Localization Based on Wi-Fi Fingerprinting. Big Data Analytics, 3, Article No. 4.
https://doi.org/10.1186/s41044-018-0031-2

Nowicki, M., Wietrzykowski, J. and Skrzypczyski, P. (2018) Adopting Learning-Based Visual Localization Methods
for Indoor Positioning with WiFi Fingerprints. Learning Applications for Intelligent Autonomous Robots.

Song, X.D., et al. (2019) A Novel Convolutional Neural Network Based Indoor Localization Framework with WiFi
Fingerprinting. IEEE Access, 7, 110698-110709. https://doi.org/10.1109/ACCESS.2019.2933921

Torres-Sospedra, J., et al. (2014) UJlindoorLoc: A New Multi-Building and Multi-Floor Database for WLAN Finger-
print-Based Indoor Localization Problems. 2014 International Conference on Indoor Positioning and Indoor Naviga-
tion (IPIN), Busan, 27-30 October 2014, 261-270. https://doi.org/10.1109/IPIN.2014.7275492

Simona, L.E., Joaquin, T.S. and Alejandro, G. (2021) WiFi RSS Measurements in Tampere University Multi-Building
Campus, 2017. Zenodo. https://doi.org/10.5281/zenodo.5174851

Qin, F., Zuo, T. and Wang, X. (2021) CCpos: WiFi Fingerprint Indoor Positioning System Based on CDAE-CNN.
Sensors, 21, Article 1114. https://doi.org/10.3390/s21041114

Laska, M. and Blankenbach, J. (2000) Deeplocbox: Reliable Fingerprinting-Based Indoor Area Localization. Sensors,
21, Article 2000. https://doi.org/10.3390/s21062000

Cha, J. and Lim, E. (2022) A Hierarchical Auxiliary Deep Neural Network Architecture for Large-Scale Indoor Loca-
lization Based on Wi-Fi Fingerprinting. Applied Soft Computing, 120, Article ID: 108624.
https://doi.org/10.1016/j.as0c.2022.108624

Alitaleshi, A., Jazayeriy, H. and Kazemitabar, J. (2022) Affinity Propagation Clustering-Aided Two-Label Hierarchical
Extreme Learning Machine for Wi-Fi Fingerprinting-Based Indoor Positioning. Journal of Ambient Intelligence and
Humanized Computing, 13, 3303-3317. https://doi.org/10.1007/s12652-022-03777-1

DOI: 10.12677/sea.2023.124060 628 B TR R


https://doi.org/10.12677/sea.2023.124060
https://doi.org/10.1016/j.eswa.2015.08.013
https://doi.org/10.1109/IWCMC.2017.7986446
https://doi.org/10.1016/j.neucom.2016.02.055
https://doi.org/10.1186/s41044-018-0031-2
https://doi.org/10.1109/ACCESS.2019.2933921
https://doi.org/10.1109/IPIN.2014.7275492
https://doi.org/10.5281/zenodo.5174851
https://doi.org/10.3390/s21041114
https://doi.org/10.3390/s21062000
https://doi.org/10.1016/j.asoc.2022.108624
https://doi.org/10.1007/s12652-022-03777-1

	一种轻量化CNN的WIFI指纹室内定位模型
	摘  要
	关键词
	A Lightweight CNN-Based WiFi Fingerprint Indoor Positioning Model
	Abstract
	Keywords
	1. 引言
	2. 模型与方法
	2.1. 模型设计
	2.2. 数据预处理
	2.3. 室内定位方法

	3. 实验
	3.1. 实验环境与数据集设计
	3.2. 评价指标
	3.3. 结果
	3.3.1. UJIIndoorLoc数据集上的结果
	3.3.2. Tampere数据集上的结果
	3.3.3. Tampere数据集上的结果


	4. 小结
	参考文献

