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LSTM Neural Network Assisted GNSS/SINS Vehicle Positioning Based on Speed
Classification
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1 School of Geological Engineering and Geomatics, Chang’an University, Xi’an 710054, China

Abstract: Vehicular Non-holonomic constraint (NHC) is a commonly used enhancement technique in
combined vehicle-mounted GNSS/SINS navigation in order to enhance the positioning effect. The
constraint effect of traditional NHC methods is enhanced by applying machine learning methods to
establish a complex mapping relationship between IMU outputs and NHC pseudo-observations, and to
adjust the size of NHC pseudo-observations directly in the observation domain. Existing machine

learning methods do not consider the influence of vehicle motion state, resulting in poor NHC prediction
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accuracy and reliability. Recent studies have shown that machine learning can predict the forward speed
of vehicles, i.e., virtual odometry(ODO). However, current research mainly discusses predicting virtual
NHC and virtual odometry separately, without fully exploring the coupling relationship between the two
and the ability of 3D speed to fully constrain the vehicle. Therefore, the study in this paper addresses this
issue in depth and proposes an LSTM neural network based on vehicle speed classification for predicting
the 3D speed of a vehicle and self-adaptively adjusting its variance domain using 3D speed constraints
on the new interest. In order to verify the effectiveness of this paper's method, an experimental test of
vehicle-mounted GNSS/SINS combined navigation is carried out. According to the experimental results,
the average accuracy of this paper's method in forward velocity prediction is about 0.4 m/s, and the
average accuracy in lateral and vertical velocity prediction is about 2 cm/s. In addition, in the case of
simulated GNSS signals being out-of-lock for 460 seconds, compared with the inertial derivation results,
this paper's method improves the horizontal localization accuracy under the three-dimensional velocity
constraint by 99.40%.

Key words:GNSS/SINS, NHC, ODO, machine learning, LSTM
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LSTM (9B ZSINMENGIREFIE RARMFICIZNEN, eBE=PFEMN 1R
BRI, B2 PAEREHDf AFES] SHERBTRSE, »KEFBAEE, hLE
FEIRT, BEEEBDILARKRAANT, gRKBATR, ofltanhRFFCERE, HEHTE
SREBRESBEERFED, ECELTD g ARET, At — TR LRI ZIF_E—RZUe
7, gz E I U LSTM Bt AR E AR B4 M (1)-(6).

fe=0(Wpex, + Weyh,_y + by) ¢
ii =0(Wyx,+Wyhe_; + b)) (2)
g =0(Wyx, + Wyhe s + by) (3)
o, =W, x; + W, h._;+b,) 4
St = 9:0i +S10f; (5)

h; = $(5)O0, (6)

1.2 BT EHEEDHE LSTM L2 M5 (3d-Nets)

ATRSVHFIZTEARAERY, —REANBIEHTHENTTE. BAXH, TR
AEBERLENEEERENIZGE, MK SINS HHNERE AN EEMEEHERN
. AXEERBEWSIN@EE v #HITHE, TBEEFHS. vrer <50 5 <vp, <100
10 < vpor < 15, V50, > 15, IRFRE D LK LERKME—FhET EMEE 7 KM LSTM HE ML,

AXATRSFTERNNEHRXBHEERERN. NEERERN (ARDE, AMD) &
MITERM TSN, RIBFCEMINE ZiTH5 H R AR BI R MeNRRE, 78Xt
EARMTRRSMH AR, BB MR T T, FRIA RN T



( k-W+1

1
Te@ =1 > lonll?

. k_WH":’; i} (7)
(1@ = i Zk (57 | = 9 )
X, WRTFEHAKN, BERAXHE 10, oFlasr5izkes IMUREMLLE HEH,a® 0O RFE

HIEEE, ol AL NVWETTE, gASHBEOMEE, v. (BES— M EENHRE WRE
NENHEMTER, WIAARELTEIERTE.

Vie=0 , ift Ty(w) <y and Tp(a) <¢ (€))

BUHR (bF) NZHREV3a = Wror Viar Vup) AT B EMER EE LRI EMUME, SR
FIOMEERSH (vror = 0), KA T AR EERSHITRLIR,

V3a(vpor = 0) = (0,0,0) )

ASGRITT MBS 6 WWNE ABWAL LSTM WM&, BiIIX B RN eSEERLIEEE
BERNAOERE. MaRENERRE, BHEIBERS., REARNGEEEIME 3d-
Nets={LSTM*, LSTM?, LSTM?3, LSTM*}, H, LSTM'R Fvpor < SEIEIREIIGRHIMES,
LSTM?XF R F5 < vpor < 10A9RENILAIM L, LSTM3I R F10 < vp,, < ISHIEIBEINNZGAN
&, LSTM*XRLFvror > 1ISAIEHRENILHIMLE . V3o H 3d-Nets IR R T,

Vag(Vpor <5) = LSTM'({w;, f:}) (10)
V34(5 < vy < 10) = LSTM2({o;, f:}) (11)
V34(10 < vp,, < 15) = LSTM3({w;, £1}) (12)

Via(Wpor > 15) = LSTM*({w, 1) (13)

3R T Pt LSTM 1REVRY AEREE MM NRFAE, BD 3d-Nets FYABALE, mEx()H
MANE, HFLERES ) w,OEAN, HF N RFRAANS DL FREARHENMNE .
RERBREERE—BNRSEESBESERE, 21 softmax FUARE, WMERLER, iTH
vp (), EAE B {vror (1), Viar (), vup (O YA, 4 5 3d-Nets FUURAZE

B 3 3d-Nets R EBLEM A N FFAE

Fig. 3 3d-Nets Internal Structure and Input Characteristics
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Tab.1 3d-Nets Hyperparameters

Parameters Value
Learning rate 0.005
Learning rate decay factor 0.5
Batch size 128
Epochs 500
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Fig.5 Vehicle Trajectory Corresponding to the Training Set Data
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Fig.6 Vehicle Trajectories Corresponding to the Test Set Data
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Fig.7 Discrepancies Between Resultant and Reference Values Predicted by the 3d-Nets Model Based

on Velocity Classification
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Fig.8 Comparison of Errors in 3D Velocity Prediction Between Two Methods
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Tab.2 Data Processing Strategy of Five Different Schemes
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Fig.9 Vehicle Plane Trajectory of Five Different Scheme and Ground Truth
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Fig.10 Partial Enlarged View of Three Different Schemes and Reference Plane Trajectories
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Fig.11 Lateral and Forward Positioning Errors for Three Different Schemes
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Tab.3 Statistical Positioning Results of Three Different Scheme
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RIE (%) /  9837% -18.98% 41.72% 26.34% 30.92%
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