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Abstract

In the estimation and identification of nonlinear system state, aiming at the adverse effect of ob-

servation missing randomly caused by detection probability of used sensor which is less than 1, a no-

vel federal extended Kalman filter (FEKF) based on reconstructed observation in incomplete obser-

vations (ROIO) is proposed in this paper. On the basis of multi-sensor observation sets, the obser-

vation is exchanged at different times to construct a new observation set. Based on each observation

set, an extended Kalman filter algorithm is used to estimate the state of the target, and then the fed-

eral filtering algorithm is used to solve the state estimation based on the multi-sensor observation da-

ta. The effect of the sensor probing probability on the filtering result and the effect of the number of

sensors on the filtering result are obtained by the simulation experiment, respectively. The simula-

tion results demonstrate effectiveness of the proposed algorithm.

Key words: multi-sensor observation, incomplete observations (10) , federal extended Kalman

filter (FEKF) , reconstructed observation

0 Introduction

In the application of military army and industry,
due to obstacle occlusion, sensor failure, external en-
vironment mutation and other uncertain factors, result
in the detection probability of sensors is less than 1, so
a corresponding estimation problem becomes an esti-

" How to

mated problem with incomplete observation
create a model for incomplete observation, Nahi, et al.
proposed a linearly optimal filter in the mean square
sense, the observation data is in the case where the
loss probability a priori information is known at each
sampling time and describes the loss of randomness of
the measured data by adding a sequence of independ-
ent identically distributed random variables subject to
the Bernoulli distribution to the state observation equa-
tion. 0 and 1 were used to describe the random loss of
the observation data'?’ | where 1 indicated that the sys-
tem had received the observation data and 0 indicated
that the observation data was missing at any moment.
Haddi"®', et al. further promoted the approach pro-
posed by Nahi, by using the 0 and 1 random variable
sequences that were not distributed independently of

each other to describe the random loss of the measured
data and got a corresponding filtering method. NaNa-
cara'®’ | et al. used random sequence 0 and 1 to build
a model, which was independent of each other, but
had different distributions at different moments.
Aiming at realizing system state estimation with
incomplete observation, some scholars have conducted
in-depth researches and discussions, and then achieved
certain results. For example, Sinopoli”' | et al. gave
the correlated results of Kalman filter with incomplete
observation, and discussed the threshold of the detec-
tion probability when the filter reached convergence,
and the upper and lower bounds of the estimated covar-
iance. Xu'®', et al. studied the relationship between
the modified Riccati equation and the data loss position
of the discrete system, and the expected convergence
problem of the filter variance with incomplete observa-
tion, which provided a theoretical basis for the use of
incomplete observation information in state estimation.
Craig'”’ studied the problem of state estimation in the

"', et al. discussed the opti-

irregular data loss. Boers'®
mal estimation problem with incomplete observation.
Wang'® gave the next recursive estimator based on the

. 10 .
minimum mean square error. Gao''*', et al. studied
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the fuzzy filtering problem of nonlinear systems with in-
complete observation. The above literatures summa-
rized the state estimation model with incomplete obser-
vation and proposed some filtering methods to solve the
problem of incomplete observation. However, the
above methods are only applied to the single sensor. If
the data disturbance arises, the filter accuracy will still
be affected. Therefore, Carlson''"’,

federated filter algorithm, where observation informa-

et al. proposed a

tion was filtered by multi-sensor respectively and then
used the weighted fusion method for multi-sensor data

) et al. applied the traditional adaptive

fusion. Qiu'
filtering to the federal filter algorithm, by compensating
the information distribution coefficients, correcting the
process noise and covariance of the unknown system.
The above methods are applicable to linear problems,
while in the military and engineering, non-linear prob-
lems are prevalent. Aiming at the nonlinear system
problem, Zhao'"', et al. proposed cubature Kalman

filter algorithm with incomplete observation Gao "'

, et
al. proposed UCMKEF filter design for multi-channel
probing probabilistic coupling with incomplete observa-

tion. Xu'"™’

, et al. proposed the federal extended Kal-
man filter method, in which each sensor weighting the
state estimate of the target is to obtain the final target
estimate. Federated Kalman filter with high precision
and good stability is widely used''®'")

With the development of military and industry,
the accuracy of the multi-sensor system under incom-
plete observation is put forward for higher requirement.
On one hand, though using a more accurate sensor can
make the observation error small, yet it will increase
the hardware cost. On the other hand, though increas-
ing the number of sensors and obtaining more abundant
state information, this approach also increases hard-
ware cost. Aiming at the above problem, this paper
proposes a novel federal extend Kalman filtering algo-
rithm based on reconstructed observation in incomplete
observations ( FEKF-ROIO ). On the basis of the
multi-sensor observation set, a new observation set is
reconstructed to realize the reuse of the observation in-
formation, and then through the extended Kalman filter
algorithm, to achieve system state estimation. This al-
gorithm can improve the state estimation accuracy of
the system by making full use of the redundant and
complementary information of incomplete observations

without increasing hardware cost.

1 Federal extended Kalman filter based on
incomplete observation (FEKF-I10)

The typical performance of incomplete observa-
tions is the loss of randomness of the observations data,

in order to build the model, a variable sequence satis-
fying the Bernoulli distribution is used to indicate
whether the measured data is lost at moment. The sys-
tem model is shown below.

x, =f(x,) +Tw,, (1)

z, = b (x,) +v, (2)

Among them, k£ e N is the time indicator, x, and
zZ, indicate the state vectors and observation vectors at
time k, respectively. f and h, indicate system state evo-
lution mapping and observation mapping, respectively.
I',_, indicates process noise distribution matrix. w, and
v, indicate process evolution noise and observation
noise, respectively. w, satisfies Gaussian white noise
characteristics. w, ~ (0, @,). v, no longer meets the
distribution v, ~ (0, R,) at any k moment, and uses
the following model to reflect the loss of random obser-
N, R,) vy, =1
N(0,o°D) vy, = 0
the initial state x, ~ (X,, P,) are independent of each

vation data. v, ~ { w,, v, and

other. The addition of y, in the observation equation in-
dicates the loss of randomness of the measured data.
When y, = 1, reception of observation data is normal,
the condition of the standard extended Kalman filter al-
gorithm is satisfied. When y, = 0, observation data is
lost, at this time 0 — o , the observation noise vari-
ance of the system is infinitely large, and data is ex-
tremely inaccuracy. 7y, has a probability distribution of
p(y, =1) = A, atkmoment. 0 < A, <1. p(+) indi-
cates the probabilistic operation. A, indicates probing
probability.

The federated extended Kalman filter algorithm
uses a weighted fusion method in multi-source informa-
tion fusion thought to provide a typical multi-sensor fil-
tering fusion method. After the observation information
of the multiple sensors is decentralized processing,
then it focus on integration processing. Each sensor
corresponds to a filter ( extended Kalman filter) , the
filters work in parallel, the outputs (local state estima-
tion) are processed by the main filter fusion, getting
the global state estimate. Each filter is independent of
each other, and the global estimation accuracy is high-
er than the local estimation. If the multi-sensor system
has M sensors, the federated extended Kalman filter
equation for the m sensor with incomplete observation is
given below.

-’2141;71,”, :f<'§k—llk—],m) (3)
Pyyw = fk—l,Pk—lIk—l,mfZ—l, + Fk—l,mok—l,mFZ—I,m
(4)
Zibim = Zpm — hk.m(xk,m - ';‘-klk—l,m) (5)
K, = Pklk—l,mhg,m[hk,mPklk—l,mhg,m + Rk,m,} -

(6)
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Xikom = Xpp-tm T ’)’/f,ka,m(z/f,m - hk,mx/clk—1>
(7)
Pkl/c,m = Pklk*l,m - ’y/r,ka,mh/cPlclkfl,m (8>
Among them
af. (k-1) oh, (k)
fk—l :87 , hk,m e —
X X=Xk m ox,, X =Xpk—1,m

K, . indicates the local state filter gain matrix of
the m filter at k moment, and is used to measure the de-
gree of utilization of the latest observation information
in the current time state estimation.

For M local state estimates X,, Im izxz,m o ,if,ﬂ,hM
and corresponding estimation error covariance matrixs
Py ., Py, Py, the local estimates are inde-
pendent of each other. The global optimal estimate can
be expressed as

A M _1 _1 M _1 ~
X, = ( 2 m=1Pk\k,m) Z m=1Pka,mxk\k,m 9)

2 Federal extended Kalman filtering based
on reconstructed observation in incom-
plete observations

In the system state estimation, in order to make
full use of incomplete observation information and im-
prove the accuracy of state estimation, this paper pro-
poses reconstructed observation of federal extended
Kalman filtering based on incomplete observations. For
the estimated system, in the context of incomplete ob-
servation, a plurality of sensors with probing probabili-
ty less than 1 are used. The sensor observation sets are
used to exchange the observation and build the new ob-
servation sets, and use the federal extended Kalman
filter algorithm to achieve the system state estimation,
and obtain a higher accuracy of the state estimates by
weighted fusion algorithm.

2.1 Reconstructed observation strategy in incom-
plete observations

In the federal extended Kalman filter, the obser-
vation information provides the innovation for the filter
to achieve the correction of the one-step prediction esti-
mation result, so the observation information has a di-
rect impact on the filter accuracy. The observation set
of the sensoris Z, . & {2, ., Z.s"""s Ty > (B =1,
2, Kym=1,2,--,M; M =2), where k indicates
the sampling time of each sensor, m indicates the num-
ber of sensors. When the number of sensors m is odd,
sensors can be randomly composed of (m — 1) /2 pairs
of the sensor groups, one more sensor observation set
does not participate in the reconstructed observation
set. When the number of sensors m is even, sensors
can be randomly composed of m/2 pairs of sensor
groups. By randomly selecting a sensor group consis-
ting of two sensors, recorded as sensor 1 and sensor 2,
the observation information of sensor 1 and sensor 2 are
exchanged once for the interval of a sampling time. For
simplicity, observation information is interchanged at
the even moment, the observation information remains
unchanged at the odd moment, and the new observa-
tion set is reconstructed, which consists of sensor 3 and
sensor 4, respectively. Z,, = {zk’] k .1s odd
' 2., kiseven
Z,, kisodd

Ziy = { ' . .
z,, kiseven

At this time to measure noise

_ (v ks odd _ [Via
Vis = Via =
Vi

k . b
Vi, is even
The figure of reconstructed observation is shown in

Fig. 1.

k is odd

k is even

Sensor 1

------

Sensor 2

Sensor 3

E H o &
mE - EE

Sensor 4

Fig.1 The figure of reconstructed observation

The method of reconstructed observation in the fil-
tering process can improve utilization of observation of
the smaller observation noise variance sensor, and re-
duce utilization of observation of the larger observation
noise variance sensor. In the following, the principle

of FEKF-ROIO is described in detail by taking the ran-

domly selected sensor group as an example, where the

observation sets are Z, , and Z, ,, respectively. The
new observation sets are Z, and Z}, respectively. The
extended Kalman filters after processing are denoted as
filter 1, filter 2, filter 3, and filter 4, respectively.
Using Eq. (4) and Eq. (6) the one step predic-
tion covariance is obtained and matrix is got, respec-
tively, denoting P, , , and K, ,, andm =1,2,3 4,

m
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indicate the sensor number. K, indicates filter gain
showing filter updating process. The greater of K,
shows the higher the utilization of the observation, the
smaller of K, ,, shows the lower the utilization of the ob-
servation. This paper proves the relationship between
P, .., and obtains the relationship between K, , , so as
to illustrate the advantage of the reconstructed observa-
tion method.

Assume that the sensor is fully probed by the ideal
situation, v, , ~ (0, R, ,), v,, ~ (0, R, ,), The ob-
servation noise variance of the two sensors after the re-
constructed observation is satisfied

R, - {Rk,l k.is odd R, = {Rk’2 k.is odd

" R,, Fkiseven ' R,, Fiseven

Prove the relationship between Py, .

It is assumed that the accuracy of sensor 1 is high-
er than that of sensor 2,that is R, , < R, ,, set the
same initial estimation error covariance Py,.

1) Whenk = 1, substituting P, , into Eq. (4)
to Py, , which is P, , = Py, = P53 = Py,
substituting P, , and R,  into Eq. (8) to P, ,, at

1,m

this time P1|1,1 = P1\1,3 < P1|1,2,P|\1,1 < P1|1,4 =
P1u,2~

2) When k = 2, substituting P,,, , into Eq. (4)
tOqu,m, which is P2|1,1 = P2|1,3 < P2|1,2’P2|1.1 <

P,,, = P,,,, substituting P, , , and R, , into formula
(8) to Py, ,, at this time Py, ; < Py, 5 < Py, ,,
Py, < Pyyy < Py,

3) Whenk >2, whichis Py, <P, <P,,,,
Py, <Py, <P,,,,for any moment of k > 1 is sat-
isfied, the error covariance P, , of filter 1 is the smal-
lest, the error covariance P, , of the filter 2 is maxi-
mum. The error covariance P, , of filter 3and Py, , of
filter 4 are between them.

Prove the relationship between K,

1) Assume that k is odd moment (k % 1), at this
time, filter 1 and filter 3 use the same observationz, ,,
filter 2 and filter 4 use the same observation z, , , which
isR,, =R,,, R,, =R, ,, P,,, and R, ; into Eq.
(6), which is

K, = Pm,lliz < Pmm?z
' HP,  H +R,, HP, H +R,;
=K,
K, = Pk\k,J'fAT- < Pk\k,zflg
’ HP,  ,H +R,, HP, H +R,
= K/r,Z (10>

As can be seen from the above equation, for the
utilization of the same observation z, , , filter 3 is higher
than filter 1. For the utilization of the same observation
Z;,, filter 4 is lower than filter 2. It should be noted

that when & = 1, through the above method K, , =
K. s, K,, = K,, is solved. Filter 3 and filter 1 are
equal to the utilization of z, ,, filter 4 and filter 2 are
equal to the utilization of 7, ,

2) Assume that k is even moment, filter 1 and fil-
ter 4 use the same observation z, , , filter 2 and filter 3
use the same observation z, ,, which is R, , = R, ,,
R,, = R, ;. Substitute P, , and R, ; into Eq. (6) to
get

K, , - P/r\/r—l,311“12 < qu,z?i
' HP, H +R,, HP,  ,H +R,,
= Kk,z
K, - Pk\k—l,lfg < Pk\kl,z&fg
| HP, H +R,, HP,  H +R,,
= ch,4 (11)

For the utilization of the same observation value
2,1, filter 4 is higher than filter 1; for the utilization of
the same observation value z, ,, filter 3 is lower than
filter 2.

From the above process, it can be seen that when
k > 1 in any time, a filter (filter 3 or filter 4) com-
pared with filter 1 improves the utilization of observa-
tion z, , of the smaller observation noise variance. Sim-
ultaneously, another filter (filter 3 or filter 4) com-
pared with filter 2 reduces the use of observation z, , of
the larger observation noise variance. As the result the
fusion of filter 3 and filter 4 compared with the fusion
of filter 1 and filter 2 improve the utilization of observa-
tion z, , of the smaller observation noise variance and
reduce the adverse interference of the observation z, , of
the larger observation noise variance. The process a-
chieves better utilization of observation information, the
overall filter accuracy has a certain role in upgrading.

The above proof process is based on the ideal ob-
servation complete detection scenario. Sensor 1 and
sensor 2 are normally detected observation information
at k moment. Assuming at £ moment, only sensor 1 de-
tects the observation information. Filter 3 is compared
with filter 1, its utilization of detectable observation z, |
is higher, by improving the utilization of trusted obser-
vation (observation noise variance is small) to achieve
the improvement of filtering accuracy. Assuming at k
moment, only sensor 2 detects the observation informa-
tion. Filter 4 is compared with filter 2, its utilization of
detectable observation z, | is lower, by reducing the uti-
lization of uncertain observation (observation noise va-
riance is larger) to achieve the improvement of filtering
accuracy. Assuming at kK moment, sensor 1 or sensor 2
does not detect observation information, then the utili-
zation of observation information is O at this moment.
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2.2 Federal extended Kalman filter based on re-
constructed observation in incomplete obser-
vations
When multi-source information fusion is being

processed , the observation information of each sensor is

processed independently and the local state is sent to
the central node. The fusion processing is performed,
higher reliability is obtained with a lower cost, and the
data processing delay is small. When a sensor fails,
the entire multi-sensor system is less affected. In order
to realize the full utilization of all the information in the
reconstructed observation sets and real observation

sets, FEKF-ROIO handles each observation set by an
extended Kalman filter algorithm, respectively, and
then obtain the local state estimation result by weighted
fusion method , get the state optimal estimate.

The existing sensor observation sets are combined
with reconstructed observation sets to calculate the lo-
cal state estimated value X, r.m and the local state esti-
mated error covariance P, ., according to Eq. (9) to
obtain the system state optimal estimated value.

The FEKF-ROIO is implemented as follows

(1) Whenk = 0, the filter is initialized.

Initialize the state estimated value and the estimate error covariance matrix.

Xoo = Xo,Py0 = Py

(2) The recursive estimate of the state is achieved at & = 1 moment.

1) reconstructed observation ;

The observation information is reconstructed based on the parity of the sampling time, then obtain the

new observation sets.

2) The solution of local estimation and estimation error covariance matrix ;

The local estimated value JAcklk_,,l of the filter and the corresponding estimated error covariance matrix

P, are solved by combining Eq. (5) —Eq. (8).

3) Weighted fusion;

The local estimated value X, 1. are weighted fusion combined with the Eq. (9) to obtain the final state

estimated value x,,,.

(3) Orderk =k + 1, go to step (1)

3 Simulation results and analysis

The simulation experiment uses RMSE as the per-
formance index of the accuracy of the observation algo-
rithm under Monte Carlo simulation conditions and
Monte Carlo simulation number is 200. The experimen-
tal platform uses PC, Intel (R) Core i7-2600 CPU,
frequency 3. 40GHZ, RAM4G, Winl0O, the program-
ming language is Matlab2012b. Use the sensor obser-
vation data to achieve the system state estimation that
under horizontal and vertical directions a plane is
formed. The equation of motion and the observation
equation are as follows in cartesian coordinates.

x, =F_x,_ +T,_w,_,

Zim = VilynXpsr +Vypom = 1,2,-+-M

Among them, x, = [x,,%,, y,,7, )", %%, ¥,
and y, indicate the position and velocity components of
the target state in the horizontal and vertical directions,
respectively. Observation matrix is

h,(x,) =[ /% + ]

tan”' (y/%,)

| sin(wT) 0
1)
F = 0 cos(wT) , sampling inter-
0 (1 = cos(wT)) |
)
0 sin(wT) 0

! .
72 1 0 0]' System

0 0 T2 1
process noise w, satisfies Gaussian white noise whose
0.1],

R, , = diag[10 5], v, is observation noise vector in

val 7= 1T, = |

variance is (), distribution. Q, = diag[ 0.1

Gaussian. R,, = 2R, ,,R,; = 4R, ,, system initial
state x, = [500 50m/s 600 50m/s]”. The simu-
lation step is 40.

In order to verify the feasibility and validity of the
algorithm, this algorithm is compared with the federal
extended Kalman filter based on incomplete observa-
tions under different probing probabilities of the three
sensors. Detection probability is 0. 8, and this algo-
rithm is compared with the federal extended Kalman
filter algorithm based on incomplete observations by
changing the number of sensors. Detection probability
is 0.8, and this algorithm is compared with the outlier



246

HIGH TECHNOLOGY LETTERSIVol. 24 No.31Sep. 2018

fusion EKF algorithm by changing the number of sen-
sors. Detection probability is 0. 8, this algorithm is
compared with sensor without feedback fusion EKF al-
gorithm by changing the number of sensors.

When the probing probability is 0. 8, FEKF-102
indicates the federal extended Kalman filtering based
on incomplete observations of two sensors, FEKF-RO-
102 indicates the reconstructed observation federal ex-
tended Kalman filter based on incomplete observation
of two sensors, FEKF-IO3 indicates the federal extend-
ed Kalman filtering based on incomplete observation of
three sensors, FEKF-ROIO3 indicates the reconstruc-
ted observation federal extended Kalman filtering based
on incomplete observations of three sensors.

As can be seen from Fig. 2, the observation set is
reconstructed , using observation redundancy and com-
plementary information, making the estimation of
FEKF-ROIO2 closer to the true value with the incom-
plete observation. By increasing the number of sen-
sors, more observation information can be obtained by
the estimated system so that the estimated value of the
system is closer to the true value. Therefore, the
RMSE of FEKF-ROIO3 is lower than the RMSE of
FEKF-ROIO2, the RMSE of FEKF-IO3 is lower than
the RMSE of FEKF-102. Secondly, Due to the introduction

12
— _FEKFI02
—_ FEKF-ROIO2
27N -~- FEKF-I03
9 = FEKF-ROIO3

0 T T T T T T V
0 50 100 150 200
Sampling step
(a) Horizontal direction
129

—— FEKF-102
——FEKF-ROIO2
--~--FEKF-103
=== FEKF-ROIO3

B FRoRen,
W I ey Sz, -
< Y Wm@:‘/ s W“”ﬂ.gg@

0 50 100 150 200
Sampling step
(b) Vertically direction
Fig.2 Average RMSE contrast between FEKF-IO and
FEKF-ROIO with incomplete observations

of the reconstructed observation method, the utilization
of the observation of the smaller observation noise vari-
ance is improved. The utilization of the observation of
the larger observation noise variance is reduced. The
redundant and complementary information of the known
observation can be used more rationally. The RMSE of
FEKF-ROIO is significantly lower than the RMSE of
FEKF-10 under incomplete observations.

In order to further verify the effect of the recon-
structed observation method on the final estimation re-
sults under the number of different sensors.

Table 1

Horizontal direction comparison of average RMSE be-
tween FEKF-IO and FEKF-ROIO of the different sen-

sors with incomplete observations

Number of ) 5 7 10
sensors
FEKF-10 2.4631 2.1374 1.7694 1.5267
FEKF-ROIO 1.9347 1.6473 1.3792 1.1347

Table 2 Vertically direction comparison of average RMSE be-
tween FEKF-I0 and FEKF-ROIO of the different sen-
sors with incomplete observations

Number of

2 5 7 10
Sensors
FEKF-10 2.1369 1.8743 1.5479 1.3746
FEKF-ROIO 1.8437 1.64723 1.3749 1.2479

When the probability of sensor detection is 0. 8,
Table 1 and Table 2 show the average RMSE of FEKF-
I0 and FEKF-ROIO in the horizontal and vertical di-
rections with the different sensors, respectively. It can
be seen from the table that the average RMSE of
FEKF-ROIO in both directions is lower than the aver-
age RMSE of FEKF-10.

Contrasting RMSE of FEKF-ROIO with RMSE of
FEKF-10 based on different probing probabilities of
sensors, three sensors are taken as an example, when
probability of detection is 0. 6, FEKF-IO1 indicates the
federal extended Kalman filter based on incomplete ob-
servations, FEKF-ROIO1 indicates the reconstructed
observation federal extended Kalman filtering based on
incomplete observations. When probability of detection
is 0. 8, FEKF-IO3 indicates the federal extended Kal-
man filter based on incomplete observations, FEKF-RO-
103 indicates the reconstructed observation federal ex-
tended Kalman filter based on incomplete observation.

As can be seen from Fig.3, the RMSE of FEKF-
103 is lower than the RMSE of FEKF-101, the RMSE
of FEKF-ROIO3 is lower than the RMSE of FEKF-RO-
[01. FEKF-101 and FEKF-ROIO1 have low probabili-

ty of detection, lack of observation information for sys-
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tem and observation information has a direct effect on
system estimation, resulting in a larger deviation from
the true value. The RMSE of FEKF-ROIO3 is lower
than the RMSE of FEKF-103, and the RMSE of FEKF-
ROIO1 is lower than the RMSE of FEKF-101.
Throughout the reconstructed information of observa-
tion, the redundancy and complementary information of
observation are fully used to improve the utilization of
observation with smaller observation noise variance, re-
duce the utilization of observation with larger observa-
tion noise variance and make the estimate closer to the
true value.

——FEKF-IO1
——FEKF-ROIO1

50 100 150 200
Sampling step

(a) Horizontal direction

—— FEKF-101
—— FEKF-ROIO1
--«--FEKF-103
e FEKF-ROIO3

0 50 100 150 200
Sampling step
(b) Vertically direction
Fig.3 Comparison of average RMSE between FEKF-10
and FEKF-ROIO

In order to verify the filter result of FEKF-ROIO
and FEKF-IO under different probing probabilities, the
number of sensors is set 3, the probabilities are 0.6,
0.7, 0.8 and 0.9, Table 3 and Table 4 give data
analysis of FEKF-I0 and FEKF-ROIO, respectively.

Table 3  Horizontal direction comparison of average RMSE be-
tween FEKF-10 and FEKF-ROIO under different pro-
bing probabilities

Probing
. .7 . .
probabilities 0-6 0 0-8 0.9
FEKF-10 2.4976 2.4831 2.2372 2.1367
FEKF-ROIO 1.9375 1.7964 1.7234 1.5134

Table 4  Vertical direction comparison of average RMSE be-
tween FEKF-10 and FEKF-ROIO under different pro-
bing probabilities

Probing
0.6 0.7 0.8 0.
probabilities ?
FEKF-IO 2.5439  2.4571 2.2436 2.1487
FEKF-ROIO 1.9418 1.8347 1.7424 1.5472

Fig.4 shows the RMSE comparison of FEKF-RO-
10 and the federal extended Kalman filtering algorithm
with the outlier elimination fusion ( FEKF-OEF ).
Fig. 5 shows the RMSE comparison between FEKF-RO-
10 and FEKF without feedback fusion ( FEKF-WFF).
In the horizontal and vertical directions, the RMSE of
this algorithm is lower than the other two algorithms.

y
i

!

! -==-FEKF-OEF

: I =——FEKF-ROIO

0 : . . )
0 50 100 150 200
Sampling step
(a) Horizontal direction
12

-——-FEKF-OEF
=——FEKF-ROIO|

0 50 100 150 200
Sampling step

(b) Vertical direction

Fig.4 RMSE comparison of FEKF-OEF and FEKF-ROIO

12

e===FEKF-ROIO

S ——

e

= I

Hh A g &

WS ik b
ik 14 ‘!‘v. 1A 5

0 50 100 150 200
Sampling step

(a) Horizontal direction



248

HIGH TECHNOLOGY LETTERSIVol. 24 No.31Sep. 2018

12

- FEKF-WFF
9 e=—=FEKF-ROIO

0 50 100 150 200
Sampling step

(b) Vertical direction
Fig.5 RMSE comparison of FEKF-WFF and FEKF-ROIO

4 Conclusions

Aiming at the problems that the detection proba-
bility of the sensor is less than 1 with obstacle occlu-
sion, sensor failure and other factors in complex envi-
ronment, this paper proposes a noval federal extended
Kalman filtering based on reconstructed observation in
incomplete observations which can be applied to non-
linear system. FEKF-ROIO is based on the multi-sen-
sor system observation sets, the parity time observation
interchange and builds a new observation set. The ob-
servation sets are processed by the extended Kalman
filter algorithm, respectively. All local state estimates
are fused to obtain an optimal state estimation by
weight.

Compared with the existing filtering algorithm, the
proposed algorithm has the following advantages.
Change the detection probability of the sensor or
change the number of sensors, compared with the in-
complete observation of the federated extended Kalman
filter algorithm, FEKF-ROIO improves observation use
of the smaller observation noise variance and reduce
observation use of the larger observation noise variance
by reconstructed observation. The estimation of this al-
gorithm is closer to the true value by the utilization of
observation redundancy and complementary informa-

tion.
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