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Abstract: The vehicle speed detection in the single Global Navigation Satellite System (GNSS)

environment is subject to significant noise interference, and the sparsity of data sampling will further

exacerbate the instability of speed calculation. To address this issue, the vehicle speed estimation under

the single GNSS scenario is formulated as a speed expectation optimization problem based on

spatiotemporal correlation, and a self-supervised bidirectional Long Short-Term Memory (LSTM)

algorithm is proposed for its solution. Firstly, a sparse data spatiotemporal feature extraction LSTM is

constructed by this algorithm, where time gate and spatial gate functions are introduced to analyze the

%5 B #A : 2024-04-07.

BEeWB . HEE ST A0 &E S LW E (2023YFC3009700) 5 e w5 s 3L A BRI 45 3% & W % 4 3 H

(2024JKF027ZK13).

YEE B A MG (1995-) 2, PRl 11 BF9E 7 1] - 5 R A A8 VR AL, 3238 KB 4031 . E-mail: jingt202310@163.com

BIS1EE  Ditom( 1973*),%,%’]?&&’%@1’:.&%7?@: Eﬁﬁaﬁi}% .E-mail : masheqiang@163.com



WOE,F R ARSFMIEEALE T TAT AR ER G Kian

%12 1 SN AP SRR T Y R + 3853 -

changes in speed spatiotemporal correlations in sparse and unequal-interval vehicle detection data, and
embedded vectors for speed spatiotemporal features are extracted. Secondly, the trend of vehicle speed
changes is analyzed from both forward and backward directions by the noise bidirectional suppression
LSTM network for vehicle speed estimation, enabling the accurate achievement of noise elimination and
speed estimation. Finally, experimental verification of the vehicle speed estimation performance of the
proposed algorithm was conducted using GPS signals as an example. The results show that an average
noise reduction of 26.73 dB PSNR was achieved by the proposed algorithm in sparse speed data with
sampling intervals ranging from 1 minute to 10 minutes, which is 28.93% higher than that achieved by
the LWR, EnKF, and Noise2Void algorithms on average. Additionally, the speed estimation accuracy
of the proposed algorithm is 2.02% higher on average.

Key words: traffic management engineering; vehicle speed; self-supervised learning; bidirectional long

short-term memory network; single global navigation satellite system signal
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Fig.1 Overall structure of self-supervised bidirectional LSTM network for vehicle travel speed estimation
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Fig.5 Box plot of absolute error between the noise removed by the algorithm in speed estimation and the actual noise
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Fig. 6 Comparison of estimation errors of different algorithms on real vehicle speed dataset
E==1WR
3 ZZ EnKF 0.8+
. E=Noise2Void
30 - SSB-LSTM 06l -
= N
25 H = 0.4+ §
= N = N
@, . = N 02} N N g
=00 E = s 2N 2N BE
% 15 H : V % 0.0 I’;(\“II Il_;l 1 L(\(}\/ IR 1%l
- i = ] — 2 oe
ZE g z é 02} & 2
10 + = = o %}
SHEIoH 2 Z= 2 06/ &
JEN EY ZENI: 2
0 ! 08 : ' ' —
2.5 5 10 15 20 225 2.5 5 10 15 20 225
MR 2 (km2 'hﬁz) MR /(km2~h’2)
(a)PSNR (b)SSIM
B7 AREZESHEHEEHELLNEEMITRETLL
Fig.7 Comparison of speed estimation errors of different algorithms on synthetic Gaussian noise data
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Fig. 8 Comparison of speed estimation errors of different algorithms on synthetic Poisson noise data
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Fig.9 Comparison of speed estimation errors of different algorithms on synthetic Peak noise data
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