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Abstract—This paper presents a novel INS/RADAR 
integrated navigation algorithm based on Fuzzy Adaptive 
Kalman Filtering. The method is mainly used in INS/RADAR 
integrated navigation system to deal with time varied statistic of 
measurement noise in different working conditions. By 
monitoring the relation between status from INS and status from 
RADAR, the algorithm recursively modifies the gain coefficients 
of the filter so as to adaptively control the Kalman filter, and 
finally the optimal estimation is achieved. Through monitoring 
RMSE, in the case of similar accuracy, running time of the fuzzy 
filtering algorithm compared to the traditional Kalman filter 
algorithm is reduced by 32.73% the experimentation results of 
the INS/RADAR integrated navigation system indicate that the 
algorithm is effective and practical. 

Keywords—fuzzy logic; integrated navigation; adaptive Kalman 
filter; Analytic Hierarchy Process 

I.  INTRODUCTION  
Kalman filter technology is widely used in the integrated 

navigation system, which is an effective method for state 
optimal estimation. When the mathematical model of the 
complex system is known, the state of the system can be 
estimated accurately by the conventional Kalman filter. The 
establishment of a mathematical model requires a lot of testing; 
especially it is difficult to find out an accurate system noise and 
statistical characteristics of measurement noise. 

A number of previous studies and improvements have been 
carried out. X.X.Wang

[1]
 has designed an adaptive fusion 

filtering algorithm based on IMM. Two models are used to 
describe the system structure, and the Sage-Husa filters 
corresponding to each model are working with strong tracking 
filter independently in parallel, then the estimation of the 
system’s state is the weighted fusion result of the model 
probabilities of the two filtering estimates, with high precision 
and strong robustness. Through several theoretical studies and 

attempts, X.R.Li
]2[
 proposed a variable structure multi-model 

(VSMM), with a time-varying model instead of models with a 
fixed set; the model set is determined by the adaptive process. 

X.S.Shi
[3]

 improves the performance of particle filter by 
introducing adaptive fuzzy particle filter and changing the size 
of particle by real-time dynamic, but it is necessary to increase 
the computational complexity. Y.F.XU

[4]
updates and forecasts 

the Fischer information weighting relationship of the state 
vector and introduces the multiple update algorithm, by which 
the data fusion is performed on the external information to 
reduce the linearization error in the measurement update and 
improve the accuracy of posteriori state estimation, but its 
calculation depends on the exact work of a single sensor, once 
the device appears a fixed error, it is difficult to calculate 
through the iterative calculation. LI Xu

[5]
 gives a H∞ filter, 

which is actually an extension of Kalman filter, which has no 
known constraint of the system, but the algorithm is complex 
and computationally large, so the system requires high 
hardware. 

In this paper, the Kalman filter and the fuzzy logic method 
are used in combination. According to the real difference 
between the actual variance and the theoretical variance, the 
fuzzy system is designed to adjust the confidence of the 
different sensors in real time. As a result of the introduction of 
the INS autonomous navigation system, the fusion algorithm 
does not need to obtain a priori knowledge of the measurement 
noise matrix, and in the case of any navigation system failure 
can get accurate estimates. 

In practical applications, it is difficult to overcome the 
divergence problem in traditional Kalman filter: when the new 
message is no longer white noise, the filter will become 
unstable, and even the system can’t normally output. In this 
paper, a fuzzy weighted Kalman filter fusion algorithm based 
on Analytic Hierarchy Process (AHP) is proposed. By 
dynamically monitoring the variance ratio of the new 
information, the weights of the data obtained by the different 
sensors are adjusted adaptively and fuzzily to achieve the 
purpose of preventing divergence. 
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II. KALMAN FILTER ALGORITHM 
In the Kalman filter algorithm, the state equation and the 

observation equation can be expressed as: 

( 1) [ , ( )] ( ) ( )
( ) [ , ( )] ( )

X k f k X k G k W k
Z k h k X k V k

+ = +
= +            

  (1) 

Where, ( )W k is system noise, )(kV is measurement noise 
matrix; 

{ } { } 00 =E W E V= ，  

Where, Q is non - negative system noise variance matrix, R 
is positive measurement of noise system variance matrix. 

[ ( 1/ ) ( )]T
i ir tr H P k k H R k= + +   (2) 

Where r is theoretical variance. 

III. DESIGN OF ADAPTIVE FUZZY KALMAN FILTER 

A. Information fusion 
The Joint Kalman filter algorithm is a common method for 

data fusion in multi-sensor integrated navigation system. It is 
weighted by the information distribution of each sub-filter to 
get the global state output. The weights are obtained by 
synthesizing the sub-filter variance matrix. Considering the 
complexity of practical application environment, the statistical 
characteristics of the measurement noise of each subsystem 
may be changeful. If the sub-filter uses traditional Kalman 
filter algorithm, the above changes can’t be detected, so that 
the estimation error will increase with these changes. Because 
the fuzzy adaptive filtering method has good adaptability to the 
variation of statistical characteristics of measurement noise, 
this paper proposes a fuzzy adaptive filter instead of traditional 
Kalman filter in the joint Kalman filter algorithm to form a 
fuzzy adaptive joint Man information fusion algorithm. 

Considering the integrated navigation data fusion system 
composed of inertial navigation and laser navigation, the 
inertial navigation is used as the reference system and the laser 
navigation as the auxiliary sensor. The algorithm of the inertial 
navigation / laser combination navigation algorithm based on 
the fuzzy adaptive Kalman fusion algorithm is shown in the 
following figure: 

 

Fig. 1. Flowchart of information fusion 

In the initial stage, the initial weights are given according to 
the experience and the accuracy of the sensors to distribute the 
weights of the different sensors’ data in the algorithm operation: 

kkk XXX 2*1*0 βα +=                       (3) 

Where 0<α<1,0<β<1,α+β=1. 

kX 0  replace kX to be gotten into calculation ,on which 

based we can get the r predictive position kkX /1+ . 

After calculations are performed in N times, the calculation 
is carried out by the following equation: 

1
{ [ ( 1) ( 1/ )][ ( 1) ( 1/ )] }

( )

N
T

j j j j
j k N

tr Z k X k k Z k X k k
q i

Nr
= − +

+ − + + − +
=

∑             (4) 

( )q i  represents the ratio of the measured residual to the 
theoretical residual r in N times calculations. [4]  

The confidence of each sensor data can be calculated from 
( )q i obtained by equation (4). The general method is to 

assume a threshold, if ( )q i  is greater than this threshold, then 
the filter threshold, then the filter results are not available at 
this time. Equivalent to the confidence of only {0,1} two 
values, but this method does not consider the navigator data 
from available to unavailable The transition process.  

When ( )q i  ∈  (1/2, 2), it is assumed that the residual 
variance is close to the theoretical variance of 1 and the 
confidence is 1. When ( )q i  ∈ (0,1 / 10) ∪ (10, + ∞), the 
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residual variance is less than 1/10 or 10 times the theoretical 
variance, and ( )q i  is far away from 1, so the confidence is 0 

B. Updating of the proportional relationship by AHP 
In this paper, the position factors x, y and the azimuth angle 

θ are chosen as the state input. The following model was 
established by analytic hierarchy process. 

Target layer: The accurate and stable operation of the 
navigation system(A). 

Scheme: The residual of the abscissa x(B1), the residual of 
the ordinate y(B2) , the residual of the azimuth angle θ (B3), 

Criterion level: Data from Inertial gyroscope(C1),data from 
Laser scanner(C2). 

We can get the judgment matrix as follow: 

1) Judgment matrix A-C 

TABLE I.  JUDGMENT MATRIX A-C 

A C1 C2 

C1 1 a 

C2 1/a 1 

The weight of two sensors’ data may change after each test, 
so it is necessary to select an integer a closed to the ratio of the 
two to describe the weight between the two sensors. 

2)  Judgment matrix C1-B 

TABLE II.  JUDGMENT MATRIX C1-B 

C1 B1 B2 B3 

B1 1 1 b 

B2 1 1 b 

B3 1/b 1/b 1 

 The gyroscope obtains the position by measuring the 
acceleration, and the coordinate position (x, y) is obtained by 
the same method and same sensor, so their uncertainty can be 
regarded as the same, x yδ δ= . The uncertainty of the polar 
angle θ in polar coordinates is calculated by the following 
equation: 

22
2 2

x yx yθ
θ θδ δ δ

 ∂ ∂ = +   ∂ ∂   
               (5) 

The uncertainty of the polar angle θ can be obtained: 

( )
2 4 2 2

22 2

y xx y

x y
θ

δ δ
δ

+
=

+
.                        (6)  

Because x yδ δ=
,
we can get: 

( )
4 2

22 2
x y

x yb
x y

θ θδ δ
δ δ

+
= = =

+
 

3) Judgment matrix C2-B 

TABLE III.  JUDGMENT MATRIX C2-B 

C2 B1 B2 B3 
B1 1 1 c 
B2 1 1 c 
B3 1/c 1/c 1 

Output data from radar scanner is(x, y ,θ). Simultaneously 

as above, x yδ δ= , 2 2c sin
x y

x yθ θδ δ θ
δ δ

= = = + . 

4) Recalculate weights by AHP 
The calculated new weights are multiplied by the 

corresponding residuals of the gyroscope data and the laser 
scanner data, and finally we can get the new ratios α and β: 

* * *
* * * * * *

ins ins ins
x x y y

ins ins ins lindar lindar lindar
x x y y x x y y

P P P
P P P P P P

θ θ

θ θ θ θ

λ λ λ
α

λ λ λ λ λ λ
+ +

=
+ + + + +

       (7) 

We can get a new way of data fusion 

kkk XXX 2'*1'*0 βα +=  

And update the initial ratio a, to achieve adaptive data 
fusion. 

IV. SIMULATION AND ANALYSIS 

A. Setting of simulation 
In the experiment, we use both adaptive EKF and 

traditional EKF to simulate. The robot moves from the 
coordinates (0,0) and moves counterclockwise as Figure 3 in a 
25 * 25 scale environment. It is positioned according to the 
laser rangefinder and the inertial navigation system and finally 
returns to the starting point. Simulation of motion noise and 
observed noise settings are as follows: 

 0.3 / , 3 0.1 , 1V r bm s ρσ σ σ σ= = = =。 。。，
 

The maximum speed is 90°,the maximum angular velocity 
is 90°/s, the maximum scanning distance of the laser scanner is 
30m, the scanning range is 0 ~ 180 °, the front and rear wheel 
spacing is 4m, the control period is 0.025s, every 8 control 
cycles for an observation. 

B. Analysis of results 
The integrated navigation system consists of 

micromechanical inertial and 360° laser scanners whose state 
variables can be expressed as: 

X = [ lnlnln111 ,,.,.........,,,,, θθθ yxyxyx lll ]T             (8) 
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Where lnlnln111 ,,.,.........,, θθ yxyx lll is the location of 
the landmark. 

In Figure 2 we use 30 road signs. It is the path of car’s 
movement of the road comparison chart and its partial 
magnification. Black line, red line, green line, respectively, is 
on behalf of the real path, the traditional algorithm to estimate 
the path, fuzzy algorithm to estimate the path. It can be seen 
that the path planning of the fuzzy algorithm is more accurate 
than the traditional algorithm’s, and with the operation of the 
algorithm, the traditional algorithm can’t adjust the deviation in 
real time, which leads to not only deviation of the path but also 
instability. 

 
Fig. 2. Path of comparison between traditional Algorithm and new one; 
enlarged view 

 
Fig. 3. Comparison of landmarks between traditional Algorithm and new one; 
enlarged view 

Figure 3 compares the map of the landmarks constructed by 
the two algorithms. The blue dot represents the actual road 
mark point, and the green point represents the fuzzy algorithm 
road sign point, and the black dot represents the traditional 
algorithm; the red ellipse (called the uncertainty ellipse, the 
confidence degree used here is 97 %, Referred to as an 
indefinite ellipse), indicates the uncertainty of the estimated 
feature points. It can be obtained from the figure that the 

landmarks estimated by the fuzzy algorithm are closer to the 
real signs, and the estimated feature points are located within 
the ellipse (red). 

1) Errors of landmarks 
Figure 4 and Figure 5, respectively, in the number of 50 

landmarks, is the absolute error comparison chart of 
landmarks’ x and y, where abscissa is the number of landmarks 
to scan. From these figures, when the laser scanner to scan the 
new road marking point, the increase rate of error increases. 
The new algorithm distributes the weight by introducing the 
fuzzy algorithm so that the estimation accuracy of the landmark 
is much higher than that of the traditional algorithm. 

 
Fig. 4. Absolute error of landmarks’ position in x 

 
Fig. 5. Absolute error of landmarks’ position in y 

2) RMSE of the coordinates of the robot position 
The robot position coordinates (x, y) are evaluated by 

RMSE, and the formula is as follows: 
1

2
, ,( )

j

ve f k F g
j

X X X
=

= −∑                        (8) 

Where ,f kX
 
said the robot measured pose, ,F gX  said the 

real posture. 
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Table IV shows the RMSE with 10 landmarks, 30 
landmarks, 50 landmarks under the two algorithms. 

TABLE IV.   RMSE OF X AND Y WITH 10,30 AND 50 LANDMARKS 

 
RMSE 

10 landmarks 30 landmarks 50 landmarks 
x y x y x y 

new
310−×

 
2.733 2.640 2.489 2.519 2.324 2.266 

traditi
onal

310−×
 

12.47 8.976 5.733 5.798 2.677 6.012 

TABLE V.  AVERAGE COMPUTING TIME IN SEVERAL SITUATIONS OF 
LANDMARK 

 10 landmarks 30 landmarks 50 landmarks 

 New 
Traditi
onal 

New 
Traditi
onal 

New 
traditi
onal 

Ave. 
time 

cost(s) 
14.45 8.915 22.18 14.11 30.95 26.24 

It can be seen from Fig. 4, Fig. 5, and Table IV that the 
traditional Kalman filter has a residual value higher than that of 
the new Kalman filter algorithm in the case of less available 
landmarks, but with the sign number and density Increase, 
although the root mean square error is reduced, the results are 
getting closer. As can be seen from Table V, the new algorithm 
will be more than 3 seconds longer than the traditional 
algorithm, but with the increase in road signs, the overall time-
consuming growth rate is much larger than the new algorithm 
more time, at the same time, in the traditional algorithm using 
50 The time taken to calculate the road signs is 32.73% longer 
than the 30 new road signs. 

In conclusion, it can be seen from the experimental results 
that the filtering result of the new algorithm is superior to the 
traditional Kalman filter. In the case of fewer landmarks the 
advantage of new algorithm is more available. 

V. CONCLUSIONS 
In this paper, we design an adaptive fuzzy Kalman filter 

algorithm which has the AGV car as research object. The 
results show that: 

(1) With same numbers of landmarks in 30, the RMSE of 
the fuzzy algorithm is reduced by 56.58 compared with the 
traditional algorithm. 

(2) When the traditional algorithm increases the number of 
landmarks to 50, the time-cost of fuzzy algorithm is reduced by 
32.73% when the new algorithm is in 30 landmarks. 

It can be concluded that the information fusion algorithm 
can obtain the correct weighting value according to the 
variance of the adaptive detection information, keep the 

navigation information stationary and accurate, increase the 
stability of the Kalman fusion algorithm and improve the 
accuracy of the state estimation State tracking performance. 
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