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Introduction

Inertial Navigation System (INS) and Global
Positioning System (GPS) technologies have been widely
used in a variety of positioning and navigation
applications. The integration of GPS with INS can be
implemented using a Kalman filter. Efficiency of
conventional Kalman algorithm is low, when vehicle
dynamics change quickly [1, 2].

Therefore adaptive Kalman algorithms are used to
improve overall system performance. The test results
demonstrate that the presented adaptive algorithm is much
robust to the sudden changes of vehicle motion during
maneuvering.

System dynamic model

The 1-D acceleration land mobile object dynamic
model equations in state-space formulation are described
as [2]:
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where Xk –system state vector (distance, velocity,
acceleration), wd , wv , wa – vector of system noise with
zero mean and variances qd , qv , qa respectively , T –
sampling interval.

The measurement model is:
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where Zk+1 – measurement vector, ud , uv , ua – vector of
measurement noise with zero mean and variances rd , rv , ra

respectively.

Kalman algorithm description

Basically, the Kalman filtering estimation algorithm
comprises two steps, namely prediction and update with
external measurements. Kalman filtering can be used to
estimate optimally the system states (the unknown
elements of the state vector) at the current time basing on a
combination of predicted states and actual measurements.

The main Kalman filtering equations are given below
[3]:
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where Kk – Kalman gain matrix, Pk –state uncertainty
covariance matrix, Hk –measurement sensitivity matrix, Rk

–measurement noise covariance matrix, Φk –state
transition matrix, Qk –system noise covariance matrix .

Velocity and distance estimation during sudden vehicle
dynamic change

The simulation made for the cases when initial
vehicle velocity was 10m/s and acceleration (5m/s2 or
10m/s2 ) took place from t1=30s till t2=50s with different
levels of system noise. The random error variance due to
the distance measurement noise was (15m)2, and the
random error variance due to the velocity measurement
noise was (5 m/s) 2.

Modeling results using standard Kalman filtering
algorithm (3) are presented in Fig.1-6.
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Fig. 1. Mobile object real and estimated velocity when
acceleration ax=5m/s2 take place from t=30s till t=50s and with
small system noise (qd = qv = qa=10-6)

εv, m/s

Fig. 2. Mobile object velocity estimation error when acceleration
ax=5m/s2 take place from t=30s till t=50s and with small system
noise (qd = qv = qa=10-6)

εx, m

Fig. 3. Mobile object x-coordinate estimation error when
acceleration ax=10m/s2 take place from t=30s till t=50s and with
small system noise (qd = qv = qa=10-6)

As we can see change of acceleration seriously
affects Kalman algorithm performance characteristic. And
with bigger change of acceleration, estimation error will
increase (Fig.4). There are exists several techniques to
decrease estimation error [2]. One of them is to add
fictitious system noise [2, 4]. Modeling results for the case
with additional fictitious system noise are presented in

Fig.5, 6 (corresponding diagonal elements of system noise
covariance matrix are increased to 0.01).

εv, m/s

Fig. 4. Mobile object velocity estimation error when acceleration
ax=10m/s2 take place from t=30s till t=50s and with small system
noise (qd = qv = qa=10-6)

εv, m/s

Fig. 5. Mobile object velocity estimation error when acceleration
ax=10m/s2 take place from t=30s till t=50s (qv =0.01)

εx, m

Fig. 6. Mobile object x-coordinate estimation error when
acceleration ax=10m/s2 take place from t=30s till t=50s
(qd =0.01)

The modeling results prove that performance of
standard Kalman algorithm is poor during sudden vehicle
acceleration change.
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Adaptive Kalman algorithm

Kalman gain matrix correction algorithm (KGCA)
can be used to decrease system state variables (position,
velocity) estimation errors. The algorithm steps are :
Step 1. To detect time epoch when acceleration start to
change;
Step 2. To add special function’ values to Kalman gain
matrix diagonal elements so to improve algorithm
performance during vehicle velocity change and post
change period. Therefore equations for Kalman gain
matrix updating and correcting are following:
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(4)

where f –special function’s values at time epoch k,  -
number of state variables in the dynamic system model.
Three functions f was tested. These functions’ general
forms are shown in Fig.7. The modeling results (using
these functions for correction in (4)) for position
estimation error when acceleration ax=10m/s2 take place from

t=30s till t=50s are shown in the Table 1.

f # 1

#3 #2

Fig. 7. Three types of function f representation

Table 1. Three types of function

MSE estimating error decrease using KGCA and three
types of function
function #1 #2 #3

MSE 26 300 2569

Simulating results show that function #1, used for
Kalman gain matrix correcting allow reducing system
parameter estimation error in a greater degree. The reason
of this can be that function #1 has smooth transition and
hence Kalman gain correction is conducted softly without
extra disturbance just after acceleration has changed.
Function #1 mathematical description is following:
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where A,B –fixed values are decided by user or designer,
tD –time epoch, when acceleration has changed.

The KGCA algorithm modeling results are shown in
Fig. 8, 9 (diagonal elements of system noise covariance
matrix are equal to 10-6 and function (5) is used for
Kalman gain correction).

εx, m

Fig. 8. Mobile object x-coordinate estimation error (KGCA)
when acceleration ax=10m/s2 take place from t=30s till t=50s and
with small system noise (qd = qv = qa=10-6)

εv, m/s

Fig. 9. Mobile object velocity estimation error (KGCA) when
acceleration ax=10m/s2 take place from t=30s till t=50s and with
small system noise (qd = qv = qa=10-6)

As can be noticed from Fig.8, 9, there’s considerable
estimation error decrease if adaptive algorithm is used. But
also can be noticed that at time of Kalman gain correction,
there are increased variations of estimation error,
comparing with time, when correction’s values became
very small and no system dynamic change. These
variations are due to effect of Kalman gain increase.

The standard and adaptive Kalman algorithm
(KGCA) modeling results are presented in Table 2, 3
(MSEv-velocity estimation MSE; MSEd-position
estimation MSE along x-coordinate). The system noise
matrix diagonal elements are equal to 10-6 and acceleration ax

take place from t=30s till t=50s.

Table 2. MSE estimating error

MSE estimating error, ax=10m/s2, rd =225m2, rv=25(m/s)2

Standard Kalman
algorithm MSEv=579 MSEd=7689

Adaptive Kalman
algorithm (KGCA) MSEv=1.82 MSEd=26
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Table 3. MSE estimating error

MSE estimating error, ax=5m/s2, rd =225m2, rv=25(m/s)2

Standard Kalman
algorithm MSEv=145 MSEd=1913

Adaptive Kalman
algorithm (KGCA) MSEv=1.66 MSEd=23

Conclusions

In the current paper, adaptive Kalman algorithm with
the filter gain correction for the case of fast dynamics
change is presented. In the adaptive algorithm, the detected
dynamics changes are regarded with acceleration/velocity
change. The developed adaptive KF is applied to the
integrated navigation system for velocity and x-coordinate
estimating. In case of fast acceleration change, the
performance of the integrated system is examined. The

presented algorithm can be used also for the case of 2-D
acceleration model to decrease estimation error during
vehicle maneuvering.
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