
Kalman Filter and Least Squares  
by  Davide Micheli 

The Kalman filter  
        
The Kalman filter is a multiple-input multiple output digital filter that can optimally estimates, in real time, the 
values of variables describing the state of a system from a multidimensional signal contaminated by noise. 
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These states are all variable needed to completely describe the system behaviour as a function of time 
(such as position, velocity, and so forth); states are the unknown signal to be estimate. 
To provide current estimate of the system variable, the filter uses statistical models to properly weight each 
new measurement relative to past information. It also determines up-to-date uncertainties of the estimates 
for real time quality assessments. 
 
Because the states (or signal) is typically a vector of scalar random variables, the state uncertainty estimates 
is a covariance matrix. Each diagonal term of the matrix is the variance of scalar random variable that 
describes the mean squared deviation from its mean. The other terms (matrix’s off-diagonal terms), are the 
covariance that describe any correlation between pair of variables. 
 
The multiple measurements (at each time point/epoch) are also vectors that a recursive algorithm processes 
sequentially in time. This means that the algorithm iteratively repeats itself for each new measurement 
vector, using only values stored from previous cycle. This procedure distinguishes itself from batch-
processing algorithms, which must save all past measurements 
The Kalman filter is usually referred to a Discrete Kalman filter and an Extended Kalman Filter definition is 
used in the case of non linear process.   
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Discrete Kalman filter 
 
The Kalman filter addresses the general problem of trying to estimate the state x of a discrete-time 
controlled process. 
 
In figure 2 we reported the scheme of process: 
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Figure 2 

 
where 
 

nRx∈  is the state 
lRu∈   is the control input 

 
time discrete controlled process is governed by linear difference equation: 
 

1. the state x at actual time step k is 
 

111 −−− ++= kkkk wBuAxx         Equation 1 
 

2 the measurement z at actual time step k is 
 

kkkk vxHz +=           Equation 2 
 

 
where: 

 
• n x n  Matrix A is the transition matrix and relates the state at the previous time step K-1 to the 

current state k in absence of either driving function or process noise. Note that A might change with 
each time step, but here we assume it is constant. 

• n x l  Matrix B relates the optional control input u to the state x 
• m x n  Matrix H characterizes the sensitivity of measurements to each of the state component  

relating the current state to the current measurement zk 
          
 
the random variables wk and vk represent the process and measurement noise respectively. 
They are assumed to be independent (of each other), white, and, with normal probability distributions: 
 

),0()( QNwp ≈           Equation 3 
),0()( RNvp ≈           Equation 4 

 
The process noise covariance Q and measurement noise covariance R matrices might change with 
each time step or measurement, here we assume they are constant. 
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State estimate 
 
We define  to be our a priori n

k Rx ∈−ˆ state estimate at step k before incorporating current measurements zk 
at the same step k, given the knowledge of the process prior to step k. 
 
We define  to be our a posteriori n

k Rx ∈ˆ state estimate at step k after incorporating measurements zk at 
the same step k. 
 
We can then define a priori and a posteriori estimate errors as: 
 

−− −≡ kkk xxe ˆ            Equation 5 

kkk xxe ˆ−≡            Equation 6 

 
The a priori estimate error covariance is then  
 

[ ] ( )( )[ ]T
kkkk

T
kkk xxxxEeeEP −−−−− −−== ˆˆ        Equation 7 

 
the a posteriori estimate error covariance is  
 

[ ] ( )( )[ ]T
kkkk

T
kkk xxxxEeeEP ˆˆ −−==        Equation 8 

 

 
In deriving the equations for the Kalman filter, we begin with the goal of finding an equation that computes an 
a posteriori state estimate   as a linear combination of a priori state estimate  and a 

weighted difference between an 

n
k Rx ∈ˆ n

k Rx ∈−ˆ
actual measurement zk  and a measurement prediction : −− = kk xHz ˆˆ

 

( )−− −+= kkkk xHzKxx ˆˆˆ          Equation 9  

 

The difference  ( )−− kk xHz ˆ  is called measurement innovation or residual. The residual reflects the 

discrepancy between the predicted measurement  and the actual measurement z−− = kk xHz ˆˆ k  
A residual of zero means that the two are in complete agreement. 
 
The n x m matrix K is chosen to be the gain or blending factor that minimizes the a posteriori error 
covariance Pk   
It’s possible to determine it and one form of the resulting Kk is: 
 

( ) ( )RHHP
HPRHHPHPK T

k

T
kT

k
T

kk +
=+= −

−
−−− 1

      Equation 10 
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• Observing the equation of Kk we see that as the measurement error covariance R approaches zero, 
the gain Kk weights the residual more heavily (i.e. the measurement’s weight will be high and the 
predicted state estimate’s weight will be low):  

 
10 −→→ HKRif k     then            because  kk zHx 1ˆ −→

 

  
( )

kk

kkkkknkk

kkkkkkk

xHz
zHxzHxxIzHx

xHHzHxxHzHxx

ˆ
ˆˆˆˆ

ˆˆˆˆˆ
111

111

=⇒
=−+=−+=

−+=−+=
−−−−−−−

−−−−−−−

 

 
 
 

• On the other hand, as the a priori state estimate error covariance  approaches zero, the gain K−
kP k 

weights the residual less heavily (readily visible states or easily “observable” states will receive the 
higher weigh):  
 

    −− →→→ xxKPif k ˆˆ          then00    
 
 
 
 

The probabilistic Origin of the filter 
 
The justification for  ( )−− −+= kkkk xHzKxx ˆˆˆ   is rooted in the probability of the a priori estimate  

conditioned on all priori measurement  ( Bayes’ rule). For now let it suffice to point out that the 
Kalman filter maintains the first two moments of the state distribution, 

−
kx̂

−− = kk xHz ˆˆ

 
 
 

• The a posteriori state estimate reflects the mean (the first moment) of the state distribution, it is 
normally distributed if the condition ),0()( QNwp ≈  and ),0()( RNvp ≈  are met 

 
[ ] kk xxE ˆ=           Equation 11 

 
• The a Posteriori estimate error covariance reflects the variance of the state distribution (the 

second non central moment) i.e. the distance root mean square from the mean value. 
 

( )( )[ ] k
T

kkkk PxxxxE =−− ˆˆ         Equation 12 

 
in other word 

 

[ ] ( )( )[ ]( ) ( kk
T

kkkkkkk PxNxxxxExENzxp ,ˆˆˆ,)|( =−−≈ )    Equation 13 

 
 
 

Algorithm  
the Kalman filter estimates a process by using a form of feedback control: the filter estimates the process 
state at some time and then obtains feedback in the form of (noisy) measurements 
 
The equations for the Kalman filter fall into two groups:  
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1. Time Update equations (predictor equations) are responsible for projecting forward (in time), from 
step k-1 to step k the state and the error covariance estimates to obtain the a priori estimate for the 
next time step k 

2. Measurement update equations (correct equations)  are responsible for the feedback -- i.e. for 
incorporating a new measurement at step k into the a priori estimate of the same step k to obtain an 
improved a posteriori estimate of the current state k 

 
 
 
 
 
 
 
 
 
 

Time Update 
(predict) 

Measurement update 
(correct) 

      Figure 3 

1. Time update prediction equation are: 
 

• 11ˆˆ −−
− += kkk BuxAx         Equation 14 

• QAAPP T
kk += −

−
1         Equation 15 

 
2. Measurement update correction equations are: 
 

• ( ) 1−−− += RHHPHPK T
k

T
kk        Equation 16 

( )−− −+= kkkkk xHzKxx ˆˆˆ•        Equation 17 

• ( ) −−= kkk PHKIP         Equation 18 
with zk 

kkkk vxHz +=  are the measurements
 
schematically the algorithm can be viewed as shown below: 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

      Figure 4 

( ) 1−−− += RHHPHPK T
k

T
kk  

Gain computation 

( )−− −+= kkkkk xHzKxx ˆˆˆ  
Up date state estimate 

11ˆˆ −−
− += kkk BuxAx  

QAAPP T
kk += −

−
1  
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and covariance 
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• The first task during the measurement update is to compute the Kalman gain Kk .  
• The next step is to actually measure the process to obtain zk and then to generate an a posteriori 

state estimate   by incorporating the measurement as in equation 17. kx̂
• The final step is to obtain an a posteriori error covariance estimate via equation 18. 
• The process is repeated by prediction of a new a priori state estimate  and −

+1ˆkx covariance error 

estimate   for the next time step k+1 this is done by using  and  

 just computed in the actual state.  The system state vector is assumed to 
change with time (projecting) according to a deterministic linear transformation (model state A) plus 
an independent random noise. Because the actual noise value is unknown, the predicted state 
estimate follow only the deterministic linear transformation. On the contrary the covariance prediction 
ac-counts of random noise Q too because the random noise uncertainty is known.  

−
+1kP kkk BuxAx +=−

+ ˆˆ 1

QAAPP T
kk +=−

+1

 
• After each time and measurement update pair, the process is repeated with the previous a posteriori 

estimates used to project o to predict the new a priori estimates, this recursive nature is one of the 
very appealing features of the Kalman filter. 

 
 
We can see that as the measurement vectors are recursively processed, the state estimate’s uncertainty 
should generally decrease (if all states are observable) because of the accumulated information 
measurements. 
However, in the prediction step some information is lost, so uncertainty will increase. The uncertainty will 
reach a steady state when the amount of uncertainty accumulated in the prediction step will be balanced by 
the uncertainty decreasing due to update correction step. 
If no random noise exist in the actual model when the state evolves to the next step, then the uncertainty will 
eventually approach zero.  
Because the state uncertainty change with time so to will the weight. Generally speaking, the Kalman filter is 
a digital filter with time-varying gains. 
 
If the state of a system is constant, the Kalman filter reduces to a sequential form of deterministic, classical 
least squares with a weight matrix equal to the inverse of the measurement noise covariance matrix. 
 
 
 
 
 
 
Mathematically speaking we have: 
 
 
Substituting equation 2,11,13 into equation 14 we obtain for update state estimate 
 
 

( ) ( )( )
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   Equation 19 

 
Substituting equation 12 into equation 15 we obtain for update covariance error state estimate 
 

( ) ( )( )
( ) ( )QHKAHAPKAP

HQKAHAPKQAAPQAAPHKIPHKIP
k

T
kkk

k
T

kk
T

k
T

kkkkk
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−

111
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the final block schematic presentation of equation 11—14 relative to the single step state estimate is shown 
below: 
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      Figure 5 

 
 

The extended Kalman Filter 
 
If the process to be estimated and (or ) the measurement relationship to the process is non-linear we have 
to use an EKF (extended Kalman Filter) 
 
EKF operate a linearization of the estimation around the current estimate using the partial derivatives of the 
process and measurement function when these are non linear relationship. 
 
Let us assume that the process is now governed by the non linear difference equation: 
 

1. the state x at actual time step k is 
 

( 111 ,, −−−= kkkk wuxfx )

)

        Equation 21 
 

2. the measurement z at actual time step k is 
( kkk vxhz ,=          Equation 22 

 
where: 
 

• random variables wk   and  vk   again represent the process and measurement noise as in 
the preceding case 

• f is the non-linear function relate the state at the previous time step (k-1) to the state at the 
current time step (k). 

• uk-1   is the driving function 
• the non linear function h in the measurement equation relates the state xk to the 

measurement zk  
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In practice of course one does not know the individual values of the noise  wk  and  vk  at each time step. 
However, one can approximate the state and measurement vector without them as: 
 

( )0,,ˆ~
11 −−= kkk uxfx           Equation 23 

 
( 0, )~~

kk xhz =            Equation 24 
 
where  is some a posteriori estimate of the state (from the previous time step k). n

k Rx ∈ˆ
 
It is important to note that a fundamental flaw of the EKF is that the distribution (or density function in the 
continuous case) of the various random variables are no longer normal after undergoing their respective non 
linear transformation. The EKF is simply an ad hoc estimator that only approximates the optimally of Bayes 
rule by linearization: 
 
If U=[A1……An]  is a partition of S with A i =event of U and B is an arbitrary event then from total probability 
and Bayes’ theorem follow: 
 
( ) ( ) ( ) ( ) ( )

( ) ( ) ( )
( ) ( ) ( ) ( )nn

ii
i

nn

APABPAPABP
APABPBAP

APABPAPABPBP

|..............|
||

|..............|

11

11

++
=

++=
     Equation 25 

 
where the terms a priori is used for P(A i) and a posteriori is used for P(A i | B)  
 
it is possible to extend this result to random variables: 
 
if  we obtain { xXB ≤= }
 
( ) ( ) ( ) ( ) ( )

( ) ( ) ( )
( ) ( ) ( ) ( )nn

ii
i

nn

APAxXPAPAxXP
APAxXPxXAP

APAxXPAPAxXPxXP

|..............|
||

|..............|

11

11

≤++≤
≤

=≤

≤++≤=≤
   Equation 26 

 
for the conditional distribution F(x) follows that: 
 
( ) ( ) ( ) ( ) ( )nn APAxFAPAxFxF |...............| 11 ++=       Equation 27 

 
for the conditional density f(x) follows that: 
 
( ) ( ) ( ) ( ) ( )nn APAxfAPAxfxf |...............| 11 ++=       Equation 28 

 

The computational Origins of the filter 
 
To estimate a process with non-linear difference and measurement relationships, we begin by writing new 
governing equations that linearize an estimate about ( )0,,ˆ~

11 −−= kkk uxfx  and ( )0,~~
kk xhz = :  

 ( ) 111 ˆ~
−−− +−+= kkkkk WwxxAxx         Equation 29 

( ) kkkkk VvxxHzz +−+= ~~
         Equation 30 
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where: 
• xk and zk are the actual state and measurement vectors, 

kx~  and kz~  are the approximate state and measurement vectors,  • 

•  is a posteriori estimate of the state at step K, kx̂
• random variables wk   and  vk   again represent the process and measurement noise as in the 

preceding case  
 
• A is the Jacobian matrix of partial derivatives of f with respect to x that is: 

[ ]
[ ]

[ ]
( 0,,ˆ 11, −−∂

∂
= kk

j

i
ji ux

x
f

A )         Equation 31 

where the Jacobian j(x) di f  is defined for  i=1….m  and  j=1….n as : 
 

( ) ( )

( ) ( )
⎟
⎟
⎟
⎟
⎟

⎠

⎞

⎜
⎜
⎜
⎜
⎜

⎝

⎛

∂
∂

∂
∂

∂
∂

∂
∂

≡

n

mm

n

x
xf

x
xf

x
xf

x
xf

xj

1

1

1

1

.................

.....

)(        Equation 32 

 
• W is the jacobian matrix of partial derivatives of f with respect to w, 

[ ]
[ ]

[ ]
( 0,,ˆ 11, −−∂

∂
= kk

j

i
ji ux

w
f

W )        Equation 33 

• H is the jacobian matrix of partial derivatives of h with respect to x 

[ ]
[ ]

[ ]
( 0,~

, k
j

i
ji x

x
h

H
∂
∂

= )         

 Equation 34 
• V is the jacobian matrix of partial derivatives of h with respect to v 

[ ]
[ ]

[ ]
( 0,~

, k
j

i
ji x

v
h

V
∂
∂

= )          Equation 35 

 
Note that for simplicity in the notation we do not use the time step subscript k with the Jacobians A, W, 
H, and V, even though they are in fact different at each time step. 
 
 
Now we define a new notation for the prediction error as the approximate state error as: 
 

kkx xxe
k

~~ −=  
          Equation 36 and the 
measurement residual as the approximate measurement error as:  
 

kkz zze
k

~~ −=           Equation 37 
 
 
Remember that in practice one does not have access to xk, in fact it is the actual state vector, i.e. the 
quantity one is trying to estimate. On the other hand, one does have access to zk, in fact it is the actual 
measurement that one is using to estimate xk . 

 9



 
Using the preceding equations we can write governing equations for an error process as: 
  

( ) ( ) kkkkkkkkx xxAWwxxAxxe
k

ε+−=+−=−= −−−−− 11111 ˆˆ~~      Equation 38 

( ) ( ) kxkkkkkkkkz kk
eHxxHVvxxHzze ηη +=+−=+−=−= ~~~~~     Equation 39 

 
where: 

• kε  represent a new independent random variable having zero mean and covariance matrices 
WQWT  

• kη   represent a new independent random variable having zero mean and covariance matrices VRVT  

with Q and R as  ;  ),0()( QNwp ≈ ),0()( RNvp ≈  
 
Notice that the Equation 40  and Equation 41 are linear, and that they closely resemble the difference and 
measurement equations  111 −−− ++= kkkk wBuAxx     and    kkkk vxHz +=  from the discrete Kalman 
filter. 
This motivate us to use the actual measurement residual kkz zze

k

~~ −=  and a second (hypothetical) 

Kalman filter to estimate the prediction error kkx xxe
k

~~ −= . This estimate called , could than be used 

along with 
kê

kkx xxe
k

~~ −=  to obtain the a posteriori state estimates for the original non-linear process as: 
 
 

kkk exx ˆ~ˆ +=            Equation 42 
 
 
the random variables kkx xxe

k

~~ −=  and  kkz zze
k

~~ −=  have approximately the following probability 
distributions:  
 
( ) [ ]( )T

xxx kkk
eeENep ~~,0~ ≈          Equation 43 

( ) ( )T
kk WWQNp ,0≈ε          Equation 44 

( ) ( )T
kk VVRNp ,0≈η           Equation 45  

 
Given these approximations and letting the predicted value of   to be zero, the Kalman filter equation used 

to estimate  is : 
kê

kê
 

kzkk eKe ~ˆ =            Equation 46 
 
by substituting 

kzkk eKe ~ˆ =  in equation kkk exx ˆ~ˆ +=  and using   kkz zze
k

~~ −=    we obtain: 
 

( kkkkzkkkkk zzKxeKxexx
k

~~~~ˆ~ˆ )−+=+=+=       Equation 47 
 
this equation can now be used for measurement update in the extended Kalman filter, with  
 

• ( )0,,ˆ~
11 −−= kkk uxfx  

• ( )0,~~
kk xhz =  

•    this last with the appropriate substitution for the measurement error 
covariance. 

( 1−−− += RHHPHPK T
k

T
kk )

The complete set of EKF equations is shown below. Note that we have substituting  for −
kx̂ kx~  to remain 

consistent with the earlier “super minus” a priori notation, and that we now attach the subscript k to the 
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Jacobians A,W,H, and V to reinforce the notation that they are different at (and therefore must be 
recomputed at) each time step. 
 

• Time update (prediction equations) 
 

( )0,,ˆ 11 −−
− = kkk uxfx  

 

 T
kkk

T
kkkk WQWAPAP 11 −−

− +=  
 
 

 
• Measurement update (correction) equations 

 

( ) 1−−− += T
kkk

T
kkk

T
kkk VRVHPHHPK  

 
( )( )0,ˆˆˆ −− −+= kkkkk xhzKxx  

 
( ) −−= kkkk PHKIP  

 
 
with zk 

 ( ) kkkkk VvxxHzz +−+= ~~
 

 
 

GPS Position and velocity determination using Kalman Filter 

 
As stated above the Kalman filter is a recursive algorithm that provides optimum estimates of user PVT 
(position velocity timing) based on noise statistics and current measurements. 
The filter contain a dynamical model of the GPS receiver platform motion and outputs of user receiver 
PVT state estimate as well as associated error variances.  
The dynamical model can be derived by a Taylor series expansion about the true position of the receiver. 
Let u(t) represent the true position of the receiver at time  t. Then at time  t, shortly after time t0 the receiver 
will be at position: 
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terms following the third derivative expression representing jerk are usually considered negligible. 
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Position and velocity for most vehicles change relatively slowly over the time period of the measurements 
used to estimate them, so the estimates are reasonably close. 
The same may not be true for acceleration or jerk in some vehicles. If these terms are not negligible, such 
as perhaps in some aircraft, they are often modelled as random quantities (i.e. white noise), in order to take 
their effects into account. 
 
Filter designated for PVT determination typically estimate eight user states: position (xu,yu,zu), velocity ( 
dxu/dt, dyu/dt,dzu/dt), receiver clock offset (tu), and receiver clock drift ( dtu/dt) 
 
A flow diagram using Kalman filter is shown below: 
 
 
Time update prediction equation 
 

• The filter is first initialized with approximate value for each user state. This initial user state estimate 
values are input to the dynamical model (A). Assume that the platform is moving with constant 
velocity therefore rectilinear dynamical model  motion (A) will be expressed as: 

 

)()()()( 00
0

tt
dt

tdututu
tt

−+=
=

 
 

as  part of recursive algorithm, the dynamical model propagates the platform position from one time 
position k-1 to the next k 
 
The relative prediction state and covariance equation for Kaman filter are: 
 

11ˆˆ −−
− += kkk BuxAx  

QAAPP T
kk += −

−
1  

 
 

Measurement update correction equations 
 

• After propagating the platform position to the next epoch k, the ephemeredes for each satellite in 
view is extracted from the navigation message. Using the propagated k state (i.e. user position and 
velocity estimates), the receiver calculate the a priori pseudorange and a priori delta 
pseudornage (i.e. change in pseudorage per epoch) for each satellite in view .  

 
−− = kk xHz ˆˆ  

 
 

• Next, pseudorange and delta pseudorange are than measured zk and the difference is taken 
between the estimate values  .  These differences are referred to as residual.  −− = kk xHz ˆˆ

 
( )−− kk xHz ˆ  

 
• If the a priori estimated pseudorange end delta pseudorange values exactly match the measured 

pseudorange and delta pseudorange values the residual would be zero. No zero residual indicate 
errors in the user PVT estimates.  By the Kalman gain kk: 

 
 

( ) 1−−− += RHHPHPK T
k

T
kk  

 
The filter then adjust the user state estimate to minimize the residuals according to a minimum mean 
squared error criterion. These adjusted user state estimate are output to the user and also feedback 
to the dynamical model to repeat the recursive estimation process: 
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     ( )−− −+= kkkkk xHzKxx ˆˆˆ  

( ) −−= kkk PHKIP  
 
 

figure below show the process: 
 

 
 
        

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 
 
 
 
 

 

 

Figure 6 
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The filter provides an estimated solution using a partial measurement set until other satellites can be 
acquired and tracked.  
 
As the measurement noise increases (including Selective availability effects for SPS user), the filter 
decreases the weights of the measurement information while relying more on the user state estimate. When 
the noise variance decreases, the filter utilizes the measurement information more and relies on the 
estimates less. 
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Least Squares 
 
The linearized peseudorange equations have the matrix form: 
 
 
 

ρ∆=∆⋅ XH            Equation 48 

 
If  N> 4 this system has more equations than unknowns. 
Generally the system will be inconsistent in fact the value of ∆ρ will preclude any value of ∆X from exactly 
solving the system. 
 
The Least Square method can be used to obtain an estimate of  ∆X (i.e. the user position and time offset) 
 
Assuming that H and  ∆ρ are available, the vector quantity : 
 
 

ρ∆−∆⋅= XHr          Equation 49 
 
is called the RESIDUAL. 
 
We seek ∆X so that the RESIDUAL is small. 
 
The ordinary  least square solution is defined as the value of ∆X that minimizes the square of the residual 
called RSE : 
 

2)()( ρ∆−∆⋅=∆ XHXRSE           Equation 50 

 
The basic idea is to differentiate Equation 51 with respect to ∆X in order to obtain the gradient of RSE . The 
minimum for   RSE  must occur at a value of ∆X that gives a zero fore the gradient 
 

ρρρρ

ρρρρ

∆∆−∆∆−∆∆−∆∆=

=∆−∆∆−∆=∆−∆∆−∆=∆

TTTTTT

TTTT
SE

XHHXXHHX

XHHXXHXHXR

               

))(()()()(
 

 
 
differentiating we obtain: 
 
 

HHHX
X

RR TTTSE
SE ρ∆−∆=

∂
∂

=∇  

 
 

0           0 =∆−∆⇒=∇ HHHXR TTT
SE ρ  

 
 
In order to get ∆X we take the transpose of: SER∇  
 

ρ

ρρ

∆=∆

=∆−∆=∆−∆

TT

TTTTTT

HXHH

HXHHHHHX 0)()(
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provided that HH T  is non singular we solve for ∆X  obtaining: 
 

ρ∆=∆ − TT HHHX 1)(  
 
 

the condition that HH T is non singular is equivalent with the condition that the columns of H are 
independent (RANK=4). These statements are also equivalent with the condition that the tips of the unit 
vectors from the linearization point to the satellites do not all lie in a common plane. If this condition are 
violated the least square problem dose not have a unique solution. 
 
 

 16


	Kalman Filter and Least Squares
	The Kalman filter

	Discrete Kalman filter
	State estimate
	The probabilistic Origin of the filter
	Algorithm
	The extended Kalman Filter
	The computational Origins of the filter


	GPS Position and velocity determination using Kalman Filter
	Bibliography
	Least Squares


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /SyntheticBoldness 1.00
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /Description <<
    /FRA <>
    /ENU (Use these settings to create PDF documents with higher image resolution for improved printing quality. The PDF documents can be opened with Acrobat and Reader 5.0 and later.)
    /JPN <FEFF3053306e8a2d5b9a306f30019ad889e350cf5ea6753b50cf3092542b308000200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e30593002537052376642306e753b8cea3092670059279650306b4fdd306430533068304c3067304d307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e30593002>
    /DEU <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
    /KOR <FEFFd5a5c0c1b41c0020c778c1c40020d488c9c8c7440020c5bbae300020c704d5740020ace0d574c0c1b3c4c7580020c774bbf8c9c0b97c0020c0acc6a9d558c5ec00200050004400460020bb38c11cb97c0020b9ccb4e4b824ba740020c7740020c124c815c7440020c0acc6a9d558c2edc2dcc624002e0020c7740020c124c815c7440020c0acc6a9d558c5ec0020b9ccb4e000200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /CHS <FEFF4f7f75288fd94e9b8bbe7f6e521b5efa76840020005000440046002065876863ff0c5c065305542b66f49ad8768456fe50cf52068fa87387ff0c4ee563d09ad8625353708d2891cf30028be5002000500044004600206587686353ef4ee54f7f752800200020004100630072006f00620061007400204e0e002000520065006100640065007200200035002e00300020548c66f49ad87248672c62535f003002>
    /CHT <FEFF4f7f752890194e9b8a2d5b9a5efa7acb76840020005000440046002065874ef65305542b8f039ad876845f7150cf89e367905ea6ff0c4fbf65bc63d066075217537054c18cea3002005000440046002065874ef653ef4ee54f7f75280020004100630072006f0062006100740020548c002000520065006100640065007200200035002e0030002053ca66f465b07248672c4f86958b555f3002>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.000 842.000]
>> setpagedevice


		2005-11-09T12:07:51+0100
	Davide Micheli




