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Abstract—The Global Position System (GPS) has been 

found useful in many civilian applications  including surveying, 

tracking and navigation. It has the capability of determining 

position,  speed and time, anywhere on the globe.  Although 

GPS systems work well in open  environments with no overhead 

obstructions, they are subject to large unavoidable errors  when 

the reception from some of the satellites is blocked.  

The aim of this paper is to combine GPS with Kalman 

filter. The Kalman Filter is a technique from estimation theory 

that provides a solution to the problem of estimating the state 

of processes described by linear stochastic dynamic models.  

In this paper an algorithm based on Kalman filter will be 

developed to predict missing GPS signal using different 

probability of detection values along flight duration. The 

effectiveness of Kalman filter in predicting GPS signal is 

investigated, according the previous measurement and the 

model used. MATLAB simulation technique will be used.  

Keywords— GPS, Kalman filter, Missing measurements. 

I. INTRODUCTION  

The introduction of GPS has brought a revolution in the 
field of positioning and lead to the development of many 
sophisticated positioning systems in the fields of defence and 
civil sectors for guiding of troops in battle field, navigation 
of ships, landing of aircrafts etc. Even when operated to their 
full capacity, these systems provide limited accuracy for 
these applications and hence need to be improved [1]. 

Navigation systems become standard, as they are sold 
more and more, particularly with airplanes. With the advent 
of the GPS, the navigation system has the ability to 
determine absolute position anywhere on the globe. Most of 
the navigation systems use the GPS, and an inertial 
navigation system (INS) to help the pilot find his way. 
Together the two systems complement each other and permit 
improved navigation accuracy and reliability especially when 
GPS is degraded or interrupted [2, 3, 4]. 

The GPS is a satellite-based navigation system that was 
developed by the U.S. Department of Defence (DoD) in the 
early 1970s. Initially, GPS was developed as a military 
system to fulfill U.S. military needs. However, it was later 
made available to civilians, and is now a dual-use system that 
can be accessed by both military and civilian users. GPS 
provides continuous positioning and timing information, 
anywhere in the world under any weather conditions. 
Because it serves an unlimited number of users as well as 
being used for security reasons, GPS is a one-way-ranging 

(passive) system. That is, users can only receive the satellite 
signals [3]. 

GPS system sometimes loses the measurements, missing 
measurements from GPS system occurs in urban 
environments, such as downtown city. GPS systems require 
at least four satellites visible to maintain a good position.  

there are GPS black spots where there may not be enough 
satellites in range to obtain a position. GPS is also subject to 
jamming or interruption due to a number of reasons, such as 
military conflict. Should the GPS receivers fail, or if the GPS 
system/satellites were to go offline, then GPS system to 
ensure navigate to an acceptable level of accuracy must 
integrate with Kaman filter to predict missing measurements. 

II. KALMAN FILTER 

It was back in 1960 that R. E. Kalman introduced his 
filter [Kalman]. It immediately became popular in guidance, 
navigation, and control applications. The Kalman filter is an 
optimal, in the minimum mean-squared error sense, as means 
to estimate the state of a dynamical system. By state we 
mean a vector of variables that adequately describes the 
dynamical behavior of a system over time. For the GPS 
problem a simplifying assumption regarding the state model 
is to assume that the User has approximately constant 
velocity, so a position-velocity (PV) only state model is 
adequate. The Kalman filter is recursive, meaning that the 
estimate of the state is refined with each new input 
measurement and without the need to store all of the past 
measurements [5]. 

The Kalman filter is a set of mathematical equations that 
provides an efficient computational recursive means to 
estimate the state of a process, in a way that minimizes the 
mean of the squared error. The filter is very powerful in 
several aspects: it supports estimations of past, present, and 
even future states, and it can do so even when the precise 
nature of the modelled system is unknown [6]. 

Theoretically, the Kalman Filter is an estimator, which is 
the problem of estimating the instantaneous "state" of a 
linear dynamic system perturbed by noise-by using 
measurements linearly related to the state but corrupted by 
noise [7].  

Practically, it is certainly one of the greater discoveries in 
the history of statistical estimation theory and possibly the 
greatest discovery in the twentieth century. It has enabled 
humankind to do many things that could not have been done 
without it, and it had become as indispensable as silicon in 
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the makeup of many electronic systems. It's most immediate 
applications have been for the control of complex dynamic 
systems such as continuous manufacturing processes, 
aircraft, ships, or spacecraft. 

A common application of Kalman filter is the tracking of 
moving targets in space. If the measurements are made in 
Cartesian coordinates, and if the measurement errors can be 
regarded as independent and normally distributed, and if the 
target behaviour is known priori, then a Kalman filter will 
provide a minimum mean squared error (MMSE) estimate of 
target position and velocity. If any of these prior conditions 
are invalid, then a form of Kalman filter can still be used, but 
the results maybe suboptimum in the sense that the estimated 
position and velocity will not necessarily meet the MMSE 
criterion [8]. 

III. LITERATURE REVIEW  

Filtering noisy measurements to determine an underlying 
state is a well-researched problem which has several 
solutions which depend on the exact requirements of the 
system. The Kalman filter pioneered by Rudolf E. Kalman 
and Richard S. Bucy is a recursive, linear filter which 
provides optimal estimates for any linear system with 
Gaussian noise . Being a recursive algorithm the Kalman 
filter is computationally very efficient and so suitable for 
real-time applications such as navigation. However the 
standard Kalman filter is only accurate for linear systems [9]. 

The study & data analysis methodology, as pointed out 
by B.L. Malleswari et al in [10], showed that the variations 
in the signal data can be smoothened using Kalman filter 
within the range of studies made and the analysis is found to 
yield better accuracies. 

The Kalman filter implementation in Jaime Gomez-Gil et 
al study [11], applied to data from low-cost GPS receivers, 
and has reduced the quantization errors by 43% and the 
standard deviation of the heading by 75%, without 
introducing positioning delays. 

Bhavani Srinivasaiah et al study [12], developed main 
algorithm uses a least squares sub-program for computing 
the first position. Later the flow is taken over by another sub-
program based on Kalman filter for predicting and updating 
the dynamic behavior of the trolley to estimate position 
solution. from the experimentation and analysis of test results 

Kalman filter algorithm for position estimation gave more 
accurate results with accuracy of around 2m apart from the 
few initial deviations taken during the correcting and 
convergence process. 

IV. KALMAN FILTER ALGORITHM 

Since the original article of Rudolph E Kalman (1960), 
the algorithm now bearing his name, can be found in many 
practical applications whereof GPS is just one. The algorithm 
has five steps: predict target position and rates, predict error 
estimates, calculate the gain, update the state vector 
estimates and update the error estimates for new data. The 
algorithm uses the following information, all in matrix form: 

 A - is the state transition matrix, and it contains all the 
information about the motions that are defined by the 
dynamics (differential equation) of the target. 

 QR, - are covariance matrices, and they respectively 

describe the covariance of the process noise and the 
measurement noise. 

 kx
- is the state vector that contains information about 

the velocity and position at step k. 

 ky
- is the measurement vector that contains information 

about the measured velocity and position at step k. 

 kw
- is the state noise vector (process noise) and kz

 is 
the observation noise vector (measurement noise), and they 
are assumed to be normally distributed and not correlated 
with any other random variables. 

 Using these variables the new state can be calculated 
from the old state as follow: 

 

System State: 

kkkkxk wuBxAx ++=+1
    (1) 

 T

kkk wwEQ =     (2) 

Measurement: 

kkkk zxCy +=
    (3) 

 T

kkk zzER =
     (4) 

 

The latest estimate and the latest measurement are used 
to correct the prediction. This is called the Innovation and is 
the difference between the actual measurements and the 
prediction based on previous measurements. 

 C is the dimension matrix which decides how many 
position, velocity and acceleration measurements are 
simulated. The new estimate contains information about the 
current state vector and by using this and the state transition 
matrix, a prediction about the next state can be estimated. 

The Kalman gain minimizes the sum of the estimation 
error and the prediction error. Then the Estimate covariance 
(the current covariance) and prediction covariance (the next 
covariance) are computed. 

KK xCkykz ~)()( −=
  Innovation (5) 

KKKK zKxx += ~ˆ
  Estimate  (6) 

KKK xAx ˆ~
1 =+    Prediction (7) 

  1~~ −

+= k

T

kkk

T

kk RCPCCPK
 Kalman gain (8) 

  kkkk PCKIP
~ˆ −=  Estimation Covariance (9) 

k

T

kkkk QAPAP +=+
ˆ~

1  Prediction Covariance (10) 

V. SIMULATION, MODEL AND RESULTS 

A. Simulation Trajectory:  

Using MATLAB simulation technique as simulator to 
obtained trajectory models and tracking algorithm. The 
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tracking algorithm is tested using the following trajectory 
model. The model used It is straight line trajectory between 
two cities, the first city Tripoli with (lat=32.9, lon=13.18), 
and the second city Sirte with (lat=31.2, lon=16.6). An 
airplane's initial position is at latitude of 32.9 degree north, 
longitude 13.18 degree east and height of 10000 m, the initial 
velocities are 26.5306 km/hr, 675.3398 km/hr along two axes 
(x, y) and airplane's final position is at latitude of 31.2 degree 
north, longitude of 16.6 degree east and height of 10000m 
[13]. 

according these data and using Cartesian coordinates by 
using equations to Converting between 3-D Cartesian and 
ellipsoidal latitude, longitude and height coordinates [14]. 
Values are required for the following ellipsoid constants: the 

semi-major axis length a  and eccentricity squared 
2e . The 

latter can be calculated from a  and b  or the flattening f  

by: 2

2

22
2 2 ff

a

ba
e −=

−
=    (11) 

The Cartesian coordinates yx, and z  of a point are 

obtained from the latitude  , longitude   and ellipsoid 

height H  by: 

 

22 sin1 e

a
v

−
=     (12) 

( )  coscosHvx +=    (13) 

( )  sincosHvy +=    (14) 

( )( ) sin1 2 Hvez +−=    (15) 

Eccentricity squared 
2e  (Eccentricity of an orbit is a 

measure of how far the orbit deviates from a circle).  

Where: 

a  and b the semi-major axis length and semi-minor axis 

length respectively. 

 f  the flattening. (Flattening: The ratio of the difference 

between the equatorial and polar radii of the earth). 

According to these relations,  the coordinates x y and z of 
an initial and final points for above trajectory can be 
calculated  as shown in Figure. 1. 

 

Figure. 1. Trajectory model 

B. Kalman Model 

The above trajectory model represent as constant velocity 
model. Non-manoeuvring situations. In this case second 
order Kalman filter will be used to model the target motion 
The state equation for this model is:  

)()()1()()( kWkBkXkAkX +−=   (16) 

Using Cartesian coordinates, the state vector is given by 

 TyyxxX =     (17) 

Where x , x , y , y  are the x-y components and velocities 

of the target, the state transition matrix, is given by: 
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And the resulting expressions for )(kB  and )(kW are given 

by: 
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The covariance of the process noise, )(kQ is given by: 

)()()( kBkBkQ T=     (21) 

The measurement originating from the subject being tracked 
given by the following equation: 

)()()()( kzkXkCkY +=    (22) 
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And 

)(kxm = Measured x coordinates at the 
thk update 

)(kym = Measured y coordinates at the 
thk  update 

)(kvx = Random noise on the x measured at the 
thk update 

)(kvy
= Random noise on the y measured at the 

thk  update 

The measurement error covariance matrix )(kR , is defined 

as: 












=

22

22

)(
yxy

xyx
kR




    (26) 

Where
2

x , 
2

y are the variances on the position 

measurements for the x and y coordinates and 
2

xy is the 

covariance between x and y coordinates. 

C. Simulation of Missing Measurement 

Although GPS systems work well in open environments 
with no overhead obstructions, they are subject to large 
unavoidable errors when the reception from some of the 
satellites is blocked. 

Random probability for detection, with uniform 
distribution, is generated by MATLAB. When the 
probability of detection is less than one (Pd<1), this mean 
there is a missing measurement and generate this probability 
to take values (0.5, 0.9) to give our simulation flexibility. 

In case of missing measurement from GPS system due to 
any reason, the Kalman filter can be used to predict the 
position of the missing measurement based on the previous 
state and the model. By using two steps of equations: 

- First Step given by equation (1) (prediction step). 

- Second Step given by equation (10) (correction step). 

D. Result of Missing Measurement: 

This section presents the results for trajectory obtained 
with the assumption that the position is measured with an 
error of 100m (one standard deviation to both directions x, y) 
and the situation uncorrelated between x and y according this 
the variance(x, y) =0, and the model corresponding to a 
constant velocity target in the plane. The position is 
measured one time per second along 0.5 hour with missing 
measurements according probability of detection from (0.5 , 
0.9). 

Figure 2 show the trajectory of true, predicted and 
estimated airplane position with probability of detection 0.9 

and standard deviation of 100m.  Figure 3 show the same 
trajectory but with probability of detection 0.5. 

The graph of the trajectory tracks for single run standard 
deviation of 100m is shown in figures 2,3 for true, predicted 
and estimated airplane position with probability of detection 
Pd= (0.9, 0.5). 

while figures 4 represent the predicted error & estimation 
error as function of probability of detection for standard 
deviations 100m. 

For further clarification, figures 5,6 show a portion of the 
Trajectory from 5228 to 5232 for the x dimension, and from 
1200 to 1350 for the y dimension for probability of detection 
0.9 and 0.5 respectively. 

The result which is presented in table I,II represent the 
average mean square errors according predicted and 
estimated trajectory when probability of detection changes 
from (0.9, 0.5) obtained for 100 runs for standard deviations 
100m. 

The Kalman filter predicts the measurements based on 
model and previous state estimate and calculate the average 
root mean square for prediction signal by equation: 

( ) ( )2

Pr

2

Pr TrueedictionTrueediction yyxxRMS −+−=   (27) 

And improves estimation for prediction trajectory and 
reduce the errors according equation: 

( ) ( )22

TrueEstimationTrueEstimation yyxxRMS −+−=   (28) 

 

Figure. 2. True, Measured & Predicted and Estimated Airplane 

Position x, y (Standard Deviation 100m) Pd=0.9 
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Figure. 3. True, Measured & Predicted and Estimated Airplane 

Position x, y (Standard Deviation 100m) Pd=0.5 

 

Figure. 4. Predicted Error & Estimation Error as Function 

 

TABLE I.  RESULT OF TRAJECTORY PREDICTION (MISSING 

MEASUREMENT) STANDARD DEVIATION 100M 

Standard 

Deviation 

(100 m) 

Iteration 

Probability of Detection 

Pd=0.9 

Predicted 

Pd=0.5 

Predicted 

50 119.85 151.81 

60 119.60 149.82 

70 119.59 150.79 

Standard 

Deviation 

(100 m) 

Iteration 

Probability of Detection 

Pd=0.9 

Predicted 

Pd=0.5 

Predicted 

80 115.04 156.37 

90 117.10 145.88 

100 118.09 149.46 

Average (m) 117.93 151.74 

TABLE II.  RESULT OF TRAJECTORY ESTIMATION (MISSING 

MEASUREMENT) STANDARD DEVIATION 100M 

Standard 

Deviation 

(100 m) 

Iteration 

Probability of Detection 

Pd=0.9 

Estimated 

Pd=0.5 

Estimated 

50 23.02 54.93 

60 25.64 54.00 

70 24.30 54.16 

80 25.90 49.29 

90 25.82 45.88 

100 24.75 51.94 

Average (m) 25.02 52.86 

 

 

Figure. 5. Portion of the Trajectory for True, Measured & 
Predicted and Estimated Airplane Position x, y (Standard Deviation 

100m) Pd=0.9 
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Figure. 6. Portion of the Trajectory for True, Measured & 
Predicted and Estimated Airplane Position x, y (Standard Deviation 

100m) Pd=0.5 

VI. CONCLUSION 

The percentage of missing measurement improvement is 

investigated for Kalman filter predictor. The improvement is 

measured for two probabilities of detection 90% and 50%, 

and standard deviation of 100m is assumed. The 

improvement percentage of predicted signal is increased by 

74.98% and 47.14% for probabilities 90% and 50% 

respectively. 
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