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Abstract

The Kalman Filter algorithm usually cannot estimate noise statistics in real-time, in order to deal with this issue, a new kind of improved
Adaptive Extended Kalman Filter algorithm is proposed. Based on residual sequence, this algorithm mainly improves the adaptive esti-
mator of the filter algorithm, which can estimate measurement noise in real-time. Furthermore, this new filter algorithm is applied to a
SINS/GPS loosely-coupled integrated navigation system, which can automatically adjust the covariance matrix of measurement noise as
noise varies in the system. Finally, the original Extended Kalman Filter and the improved Adaptive Extended Kalman Filter are applied
respectively to simulate for the SINS/GPS loosely-coupled model. Tests demonstrate that, the improved Adaptive Extended Kalman
Filter reduces both position error and velocity error compared with the original Extended Kalman Filter.
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1. Introduction

Strap-down inertial navigation system (SINS) does not need ex-
ternal input. By its own inertial sensors, it can get the navigation
information of the carrier [1].

It is a frameless system consisting of three line accelerometers,
three gyroscopes, and a microcomputer. The gyroscopes and ac-
celerometers are fixed to the carrier directly. Gyroscopes and ac-
celerometers are used to measure angular motion information and
linear motion information of the carrier respectively. The carrier
computer calculates the direction, attitude, velocity and position of
carrier according to measurement information measured by gyro-
scopes and accelerometers. The strap-down inertial navigation
system has advantage of simple structure, small volume, light
weight, low cost, simple maintenance, high reliability. In addition,
due to the appearance of solid-state inertial sensors such as laser
gyro and fiber optic gyro, the rapid development of computer
technology and the improvement of computational theory, the
strap-down inertial navigation is applied widely.

The disadvantage of SINS is gyro and accelerometer’s error ac-
cumulate as time goes by. Thus, SINS is not suitable for long time
navigation alone.

Global Positioning System (GPS) is real-time positioning and
navigation around the world [2]. GPS was developed by the
America department of defense to establish a satellite navigation
system with all weather, all time, high accuracy. GPS can provide
global customers with low cost and high precision three-
dimensional navigation information. Also, it greatly improved the
information level of society, vigorously promoted the develop-
ment of digital economy. However, the main drawback of GPS is
the satellite signals can be jammed. At the signal shelter, position-
ing precision will descend, which results in low reliability.

In order to improve the navigation precision, SINS is integrated
with GPS. Compared to individual systems, the integrated naviga-
tion system provides more accurate estimation of position and
velocity [3]. Usually, an integrated navigation system has three
integration techniques: loosely-coupled technique, tightly-coupled
technique, and ultra tightly-coupled technique. Therefore, the
loosely-coupled model is simple and easy to simulate, it has been
applied widely.

The Kalman Filter [4] is used in SINS/GPS loosely- coupled navi-
gation system to fuse the SINS data and GPS data. However, nei-
ther Extended Kalman Filter (EKF) nor Unscented Kalman Filter
(UKF) can estimate the noise characteristics of system, which
results in the increase of filter error. Nevertheless, the Adaptive
Kalman Filter can adjust the process noise covariance matrix and
(or) measurement noise covariance matrix in real-time. Thus, it
can solve the problem of estimation error increasing and filter
divergence in practice [5-7].

In this paper, the loosely-coupled modeling on GPS/INS integrat-
ed navigation system is designed and simulated. The remainder of
this paper is organized as follows. Section 2 describes the loosely-
coupled SINS/GPS navigation system model. Section 3 describes
the improved Adaptive Extended Kalman Filter algorithm. Section
4 shows the simulation results of EKF and improved Adaptive
Extended Kalman Filter. Section 5 draws conclusions regarding
the loosely- coupled SINS/GPS.

2. Loosely-Coupled SINS/GPS Model

The loosely-coupled SINS/GPS model is as follows:
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Fig 1: The model of loosely-coupled SINS/GPS navigation system

From the Fig.1, it is obvious that SINS system takes output of
inertial sensors as its input, and calculates the positon as well as
velocity of SINS. Then, the difference between SINS’s navigation
information and GPS’s navigation information is the input of
Kalman Filter. Lastly, the Kalman Filter’s output corrects the
navigation parameters of SINS.

The loosely-coupled SINS/GPS navigation system’s error state
vector is 15-dimensional [8].

.
X, :|:¢E A @ OVe OV, 0V, JL i dh g, Eoy € Vix Yy Vbz] €]

Where, & & ¢ are misalignment attitude errors;
oV oV, oV, are velocity errors; oL oA oh are latitude
error, longitude error and height error respectively; &, &,

w Vi are accelerometer errors. The
geographic coordinate system is East-North-Up (EUN).

The system’s state equation and measurement equation [9-10] are
as follows:

Ebz

are gyro drifts; V,, V

bz

(1) = F, (1) X, (1) + G, (HW, (1) @)

Where, F,(t) is the system’s state transition matrix, W, (t) is the
process noise, and G, (t) is the noise driven matrix.

The measured vector consists of position error and velocity error,
as shown in (3).

Z=HX, +V 3

V is the measurement noise. H, is the measured model making up

of the partial derivative of every state estimation value, which
must be updated successively by recursion method.

3. Improved Adaptive Extended Kalman Fil-
ter

Filtering is the main part of integrated navigation. The good filter
can reduce filtering error and improve precision of navigation.
Especially, when the noise of system is unknown or cannot be
estimated accurately, the traditional Kalman Filter is not suitable.
In the twentieth century, Sage and Husa brought up the Adaptive
Kalman Filter theory. Its noise estimator is a kind of suboptimal
unbiased estimation, and can constantly estimate or correct the
unknown or time-varying system model parameters as well as
noise statistical characteristics. Thus, the Adaptive Kalman Filter
can have a better performance under the circumstances of un-
known noise statistics and unknown system model parameters.
The Sage-Husa Adaptive Kalman Filter algorithm [11-13] is as
below:

X = @,k—lxk—l + L0y 4

e =2, —HX 1% (5)
X, = Xy + K (6)
Povcs =heRlis + T Qs -

Ky = RoicaHe (HiPoiaHe +R)™ ®)
B = -KH)Ry )
G = (L= 0y1) s + 0 Gy (X~ X (10)
Q =(1-d.,)Qu+d,G, (Kkeke: K¢ +PR- (4-1':1-1@](-1)6; (11)
r=0—d ), +d_(Z —H X ) (12)
Re=(1-ds)Res+des(e8f - HPRy HY) (13)
G, =(r,) 17 (14)
dH:%,0<b<l (15)

Where, ¢, is the discrete state transition matrix, I} ., is the
noise driven matrix, e, is the residual, K, is the gain matrix of
Kalman Filter, P, is the error covariance matrix, r, is the average
value of measurement noise, R, is the measurement noise covari-

ance matrix, Q, is the process noise covariance matrix, ¢, is the

process noise average value, b is called the forgetting factor.
Usually, the Sage-Husa adaptive algorithm cannot estimate both
measurement noise covariance and process noise covariance ma-
trix at the same time, because it will accumulate errors and result
in filter divergence.

3.1. An Improved Adaptive Extended Kalman Filter

Based on the Sage-Husa Adaptive Kalman Filter, an improved
Adaptive Extended Kalman Filter is proposed to estimate the
measurement noise of loosely-coupled SINS/GPS system.

3.1.1 An Improved Adaptive Extended Kalman Filter Algo-
rithm

The improved Adaptive Extended Kalman Filter (AEKF) algo-
rithm is shown as follows:
The Filtering calculation loop:

Xnr =X (16)
e, :Zk—Hk)Zk,k_l—rk 17
X = Xppn + Ky (18)
Gain calculation loop:

K, = F’k,HH;(HkF’k,klekT + RH)’1 (29)
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R=(1 = KHORys (21)
Adaptive estimator:

h=0-d_)r+d_(Z, —H X0 (22)
R =@-d )R ,+d _,(ee) (23)
dkflz%,0<b<l (24)

The improved algorithm only estimates measurement noise
statistics at real-time. Firstly, it does not need estimate process
noise. Thus, the q,_, in (4) is removed. Secondly, it modifies (8)
which is used to calculate gain K, . The prior time measurement
noise matrix R, is used to calculate gain, instead of R, . Thirdly,
it modifies (13) which calculates the measurement noise
covariance matrix. The part with predicted error covariance matrix
is removed to delate minus because the minus will result in filter
divergence. Equation (13) changes into (23), which ensures the
positive definiteness of R, . Keeping the residual e, in formula to
update the measurement noise covariance. If (23) keeps on-
ly (1-d.,) R, there is no residual to estimate measurement
noise covariance matrix. This will result in the fact that even if the
R, is changing, it cannot change with real situation of system.
Thus, only (1-d,,)R,., cannot ensure the stability of filtering and

navigation precision. The algorithm needs residual e, to update.

3.1.2 The Flow Chart of Improved Algorithm

The flow chart of the improved Adaptive Extended Kalman Filter
is shown as below:

AL 4}1‘%-1;&;’1 + rﬁ-lQ.l-lrlr-]
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Fig 2: Flowchart of improved Adaptive Extended Kalman Filter

From Fig.2, the estimation update of the improved Adaptive Ex-
tended Kalman Filter algorithm is composed of three parts. The
first part is state update. Based on the state transition matrix ¢, , ,

the algorithm makes the time prediction of system state variables,
which can get Xk/kfl . The second part is measurement update.

The algorithm takes the predicted state variables )ZK,H , Measure-
ment noise average valuer, , measurement variables Z, as input,
and makes least square estimation of system state variables, which
can the estimated value Xk . Then, the estimated value Xk be-

comes the system updated starting point of next time. The third
part is adaptive estimator which adjustsr, and R, of system. The

average value of measurement noise r, relies on the measurement

variables Z, and the predicted state variables X,, , to update.
The measurement noise covariance matrix R, relies on residual

e, to update.

To analyze the improved Adaptive Extended Kalman Filter’s in-
fluence on the loosely-coupled SINS/GPS system, this paper
adopts both the EKF and improved filter in the simulation. And it
compares the results of two kinds of filters.

4. Simulation Results and Analysis

The initial  values of latitude, longitude, height
are39°,116°,1000m, respectively; velocity of east, north and up
are 200m/s, Om/s, Om/s, respectively; roll angle is 0°, pitch up
angle is 0°, yaw angle is 90°; gyro random constant drift is 0.1°/h;
accelerometer random constant zero bias is 0.0001g. The white
noise standard deviation of GPS position and velocity measure-
ment are 6.5m and 0.46m/s, respectively. The forgetting factor is
0.978; filter period is 0.1s; the simulation time is 400s. The simu-
lation results of velocity error and position error are shown in
Fig.3 and Fig.4.
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Fig4: Position error
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From Fig. 3 and Fig.4, the blue line stands for the results of im-
proved Adaptive Extended Kalman Filter, called AEKF for short,
and the black line stands for the results of Extended Kalman Filter.
Obviously, the velocity errors in all three directions calculated by
AEKEF are more steady and smaller than those calculated by EKF.
Also, the position errors of ENU calculated by AEKF are smaller
and more stable than those calculated by EKF.

Additionally, the error curves calculated by AEKF are smooth and
convergent. The curves oscillate tens of seconds and converge
rapidly. However, the error curves calculated by EKF are rough.
The curves calculated by EKF oscillate hundreds of seconds and
converge slowly.

Lastly, the error curves all oscillate between -2m/s and +2m/s.

The wvelocity error and position error of loosely-coupled
SINS/GPS system are listed as below.

Table 1: AEKF and EKF algorithm velocity mean error of loosely-
coupled SINS/GPS system

Kalman Velocity mean error (m/s)
Fliter East North Up
EKF 0.4242 0.3722 0.7978
AEKF 0.1760 0.1662 0.2179

Table 2: AEKF and EKF algorithm velocity error range of loosely-
coupled SINS/GPS system

Kalman Velocity error range (m/s)

Fliter East North Up

EKF -1.3664~1.6319 -1.3372~1.1106 -1.7905~1.7705
AEKF -0.9668~0.9669 -0.8801~0.9469 -1.1236~1.1414

Table 3: AEKF and EKF algorithm position mean error of loosely-
coupled SINS/GPS system

Kalman Position mean error (m)
Fliter East [ North | Up
EKF 8.0434 6.8579 19.8866
AEKF 3.9850 4.9071 4.7367

Table 4: AEKF and EKF algorithm position error range of loosely-
coupled SINS/GPS system

Kalman Position error range (m

Fliter East North Up

EKF -21.9188~24.2358 | -21.4382~21.6867 | -47.9867~50.6766
AEKF -35.8597~32.6049 | -47.0345~40.0892 -25.577~37.0980

Table 5: AEKF and EKF algorithm velocity RMS of loosely-coupled
SINS/GPS system

Kalman Velocity RMS (m/s)
Fliter East North Up
EKF 0.5217 0.4071 0.9369
AEKF 0.2318 0.2180 0.2870

Table 6: AEKF and EKF algorithm position RMS of loosely-coupled
SINS/GPS system

Kalman Position RMS (m)
Fliter East North Up
EKF 9.8577 8.3439 24.2267
AEKF 6.2181 8.1796 6.7595

The velocity mean error as well as position mean error shown in
Tab.1 and Tab.3 of ENU calculated by AEKF, which are smaller
than those calculated by EKF.

To be specific, the Up velocity mean error is the biggest of all
direction’s mean errors. The velocity mean error in Up direction
calculated by EKF is 0.7978m/s, whereas, the Up one calculated
by AEKF is only 0.2179m/s. The velocity mean errors in all three
directions calculated by AEKF are 0.2482m/s, 0.206m/s,
0.5799m/s, which are less than those calculated by EKF, respec-
tively.

For the position error, the position mean errors of ENU calculated
by EKF are 8.0434m, 6.8579m, 19.8866m respectively. However,
those calculated by AEKF are 3.9850m, 4.9071m, 4.7367m, re-
spectively.

Especially, the position mean error in East direction calculated by
AEKF is 4.0584m, which is less than that calculated by EKF. The
position mean error in North direction calculated by AEKF is
1.9508m, which is less than that calculated by EKF. The position
mean error in Up direction calculated by EKF is 15.1499m, which
is more than that calculated by AEKF.

Tab.2 and Tab.4 demonstrate the velocity error range and position
error range of East-North-Up, namely the smallest and biggest
error value during filtering.

Tab.5 and Tab.6 indicate the RMS of velocity error and position
error. Obviously, the RMS calculated by AEKF are smaller than
those calculated by EKF.

Compared with EKF method, the approach that estimates R, by

improved algorithm presented in this paper could improve the
stability of filter, and reduce the velocity error as well as position
error.

5. Conclusion

To deal with the problem that Kalman Filter cannot estimate noise
statistics, the improved Adaptive Extended Kalman Filter is pro-
posed to solve the problem. The improved algorithm modifies the
adaptive estimator, and only adjusts the measurement noise co-
variance matrix to estimate the measurement noise statistics. The
advantage of improved algorithm is that it has a simple structure
and high calculating efficiency. The simulation results indicate
that this improved adaptive algorithm can decrease positon error
and velocity error. Also, the filtering errors of improved adaptive
algorithm converge fast and fluctuate stably, which ensures the
position precision and velocity precision.
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