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Consider stochastic cloning Kalman filter for navigation systems
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Abstract ; The stochastic cloning Kalman filter ( SCKF) accounts for the uncertainty of historical reference states related to relative
observations. Compared with the extended kalman filter (EKF) , SCKF demonstrates higher accuracy in processing relative observations
and is widely applied in scenarios such as state estimation for mobile robots and unmanned aerial vehicle (UAV). However, as the
number of relative observation sensors N (such as camera and LiDAR) increases, the dimensions of the state vector and covariance
matrix in SCKF expand significantly. Since the computational load of operations like matrix inversion increases cubically with the matrix
dimension, the computational complexity of the traditional algorithm rises drastically, which severely limits the application of the SCKF
algorithm in embedded systems. To address this issue, this article proposes an improved Consider stochastic cloning Kalman filter ( C-
SCKF) algorithm, aiming to achieve efficient state dimensionality reduction and accurate estimation in scenarios with multiple relative
observations. By introducing a state dimensionality reduction strategy and incorporating the error update mechanism of the consider
Kalman filter (CKF), the proposed algorithm merely considers the uncertainty levels of the cloned states without directly estimating
them. Consequently, the dimension of the state estimation is successfully reduced from 15( N+1), which originally scales with the
number of relative observation sensors, to a fixed dimension of 15. Distinct from existing methods that only account for a single type of
relative observation, this article derives a more generalized expression for SCKF capable of handling multiple asynchronous relative

observations. Furthermore, the algorithmic complexities of EKF, SCKF, and C-SCKF are analyzed and compared under the condition of

S H 1. 2026-04-15 Received Date; 2026-04-15
« FEATH . HE ARPIERES (62273228) | [H K A RPLA RS (62403315) T H %t Bl



57

BT ST A5 L T 18] S5 AR I S R e C-SCKF Bk 5 279

N types of relative observations. Numerical simulations and real-world experimental results demonstrate that, while maintaining a multi-

source navigation accuracy comparable to that of the traditional SCKF algorithm, the computational speed of the C-SCKF algorithm is

improved by approximately five times. The proposed algorithm effectively alleviates the computational burden caused by high-dimensional

matrix operations and is more suitable for deployment on vehicle-mounted or airborne embedded devices with strict constraints computing

power and power consumption.
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Table 1 Dimensions of the state vector and covariance

matrices for NV distinct relative observations
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SCKF (N+1)n (N+1)nx(N+1)n

2.4 'H'EEZ!"EE%*E 63413 n+Nn, (n+Nngy)x(n+Nny)
KR T RGN RS M UL i [R] 7 1 C-SCKF" n nxn; Nogxn'

PR ) 4 B R 7 22 4 B, Horb n ORI E )
RS R YERE  n, FRELE T BRS04
22 J45 T SCKF fl C-SCKF Bk ik ik F 20 3R
B G T IR R R 2 55 RS TOH Ay 22 508
S B0 2 R 3R v R E, ¥ ASUAE 55 (floating point
operations , flops ) Lk i3 #6 25 W iy 75 32 B 0 E Y 22 A 3k

T ORI T A consider 5K 2 Uk I TR IS ;< 7 FR A
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Table 2 Arithmetic complexity of SCKF and C-SCKF
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Te ik RSB 2(N+1)nm 2nm
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Table 3 Total flops of SCKF and C-SCKF for varying

numbers of different relative observations

N SCKF C-SCKF SCKF/C-SCKF
1 1.23x10° 3. 19x10* 3.86
2 3.98x10° 4.76x10* 8.36
3 9.22x10° 6.58x10* 14.01

3 SRIGTONIE
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HES ¢b AL E p" Bl h .

q = [cos(g) sin(%) [0 cos(£%) sin({f2)] ]

(66)
Py, =py(0) + [acos(w,t + ¢,)acos(w,t + @,)

l)(:os(1413t)]T (67)
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a =10°,0 = 0.034w,a = 20/R,b = 20,w, = 0.027,
w, = 0.0l w0, =0.01m,p, =0.6m,p, =0.2m, #HIKY]
WHAEE p"(0) = [120E 30N 0]", Hivh R MiBkF42,
1 BEECPERSTE] 10 min, BT K L) 577 m, {5 EER
38 ZhEE AN GNSS B B I AN 1 Fis, 1 FRFE
BN 100 Hz BT 290 IMU , EUR S8 N6 4 s

GNSSHLM
— R

-10 20

Jt/m

BT A GNSS ML
Fig. 1 Simulated ground truth trajectory and GNSS observations
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Table 4 IMU specifications

PR 2T R MR A TR
(] [0.5 -0.4 0.6]°/s  [0.02 -0.03 0.02]mg
BEALIEE 0. 15°/4/n 2.0x10™*/m/s*/ v/Hz
FAmBEHLIEE 70. 54°/h¥? 1. 17%x107° m/s*?

IMU S A8 7 JAs R A 2 s,
4 r
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20 300
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(a) Gyroscope data
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(b) Accelerometer data
K2 IMU JEAHOE 7 F 45
Fig. 2 Simulated IMU raw outputs
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Table 5 The noise standard deviations and sampling

frequencies of all observations
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Fig.3  Computing terminal platform (by courtesy of
Wuhan University )
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Fig. 6 Attitude estimation errors
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Fig. 8 Accelerometer bias estimation
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Table 6 Navigation estimation RMSEs in simulation

R EKF SCKF C-SCKF
{3 #/m 0.77 0.72 0.72
W/ (mes™") 0.13 0.05 0.05
HA/(°) 92.03 2.10 3.21

Ak 20 A RS A LA SR A T A 3L, DRI [ R 25 30K
Ml C-SCKF B3k AR 25 il SCKF Bk —3K,

&9 W AR T AL A R A EARE 5 K Monte-
Carlo Iz fTHSIA] , 45538 M, C-SCKF B3k Lk SCKF T2y
4.3 %, BAGTHAE BE L I0A TR
3.2 s

SEYG VLA USR8 21 B | A% s RN A4S BT A i
%, 10 A 11 A3 R T i DUR i S50 15 1Y 4
IREER AL, DUEEHE 8T 5 LR AL IR AR AL 1% Unistrong
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Fig.9 Statistical analysis of algorithm execution time

on embedded computing terminal platform
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Fig. 10 Vehicle-mounted data acquisition platform in

Wuhan ( by courtesy of Wuhan University )
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Fig. 11
Shanghai (by courtesy of Wuhan University )

Vehicle-mounted data acquisition platform in
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Table 7 Description of the datasets used in the field tests

Btk EZ N7 HEKEE/m
wol 798. 62
w02 I - SRR A 811.07
w03 816. 10
So1 395.17
S02 ARSI ARG B 403. 40
S03 397.79

] 12 113 SR S h I 55 4k 3145 A KT 18 9 %
i, R 12w b B R s R A v K SR A
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15 PEANRT HE T ORI BvL BT AR 1 0 R 22, X T A 4
W02, GNSS 15 & fl S iF, C-SCKF A9 i B 1% 22 249 h
0.1 m; BIfE GNSS i%224#%3T 10 m, C-SCKF /5 BE AR F5 24
1 m WREE, ankdiE e S02 T, 78 GNSS 17 5 R AP 4%
4 ,C-SCKF 5 SCKF ¥ JLF-o8 4 —3k, iXeegh sk
W, C-SCKF 5 SCKF 7EAR [R50 T HA B i) — 3k,

FRILAT 3 MEIAIERURE W02 LSRN E |
HE RSN TR, RGBT 6 AEURESEAR
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Fig. 12 Ground truth trajectory of W02 data, GNSS-observed

trajectory, and trajectories estimated by different algorithms

Bl 13 S02 Bt il FL{E L GNSS MM Batk L K
ENCIEERFS [y anibke Ru
Fig. 13 Ground truth trajectory of SO02 data, GNSS-observed

trajectory, and trajectories estimated by different algorithms
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Table 8 Navigation estimation RMSEs in W02

K= EKF SCKF C-SCKF
{7 E/m 55.38 0.82 0.92
FEEE/(mes") 0. 89 0.09 0.13
BE/(°) 6.34 2.05 2.47

25K W], C-SCKF WK B2 5 SCKF A7, H 1 &1k
T EKF, 5 SCKF [, C-SCKF 4 B 15 25 18 K (29 )L
JEUK ), 33k ] R F2: A1 Sy o A A B 2206 T 4 SR A 5 2
AR Z M b 2., B 16 BR T i AR
G b5 PR AT R SR RIKE 1T IS B R AT
(OIETPe

SRAREXT FL A RO, A B R — S0 S
BB IR IREE N AT, 45 KW, C-SCKF 1y 3t
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®9 {IEIRZE RMSE
Table 9 Comprehensive RMSE of position errors

(m)
Bl ok EKF SCKF C-SCKF
wol 27.58 0. 83 0.91
w02 55.38 0. 82 0.92
W03 79.23 2.21 2.23
S01 3.38 0.14 0.14
S02 4.75 0.19 0.19
S03 0. 41 0.11 0.11
350
300 EKF ®SCKF = CSCKF
250
WOl w02 W03 S01 S02 S03
BARELHR

K16 6 A8 B A W) Sk R T3 ]

Fig. 16 ~ Algorithmic computation time for six datasets
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