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Abstract — Tracking agile aircraft under high accel-
erations generally demands sophisticated models for de-
termining trajectories with desirable dynamics and ac-
curacy. Often this raises complexity of the estimation
algorithm as it gives rise to more elaborated methods
for both taking model nonlinearities into account and
handling a greater number of state variables that de-
scribe the model. The approach of this work recalls a 3D
model based on flight dynamics of a point of mass for
which augmentation to the FExtended Kalman-Bucy fil-
ter (EKBF) is proposed. Two methods of augmentation
to the EKBF filter are studied: (i) use of second-order
terms to approximate the model according to Daum’s
theory; (i) deployment of a neural network coupled to
the filter for compensation of modeling and calculation
errors. The evaluation of the filters performance is ac-
complished by measuring nonlinearities, bias, accuracy
and robustness. The designed filters are suitably accu-
rate and robust for tracking targets in air combat sce-
narto.

Keywords: Target tracking, filtering, estimation, non-
linear filter, Kalman Filter, aircraft.

1 Introduction

1.1 Overview

For more than two decades the Extended Kalman Fil-
ter (EKF) has been the most applied approximate non-
linear filter for practical nonlinear estimation problems.
Solutions based on the EKF rely on its implementation
simplicity at the cost of dealing with its main disad-
vantage, which comes from the necessity of the system
model approximation by terms of the Taylor series for
propagation of the state covariance matrix. This ad-
vantage is strictly related to the fact that analytical
approximation often results in the estimator instabil-
ity since part of the system dynamic characteristics are
neglected on the Taylor series truncation. For the spe-
cific problem of state estimation in a continuous-time
stochastic system with discrete-time measurements, the

nonlinear filter equivalent to the EKF is the Extended
Kalman-Bucy Filter (EKBF) which constitutes the ba-
sis for this paper.

Despite that modern realizable estimation schemes
and algorithms present performance and versatility ad-
vantages over the Extended Kalman Filter, the EKF is
still a good option for implementation simplicity and
low computational capacity demand.

This paper addresses the nonlinear filtering problem
using a simple but efficient continuous-time aircraft dy-
namic model for which sophistication methods of the
well known EKBF are developed aiming improvement
of estimation accuracy and robustness. The work devel-
ops augmentation to the Extended Kalman-Bucy Filter
by means of two techniques which improve the model
approximation: (1) inclusion of second-order terms on
model approximation by Daum’s theory [1, 2, 3], and
(2) compensation of modeling and calculation errors by
a model-coupled neural network [4]. Thus three filters
are investigated by this text: basic EKBF, EKBF aug-
mented by technique (1) and EKBF augmented by tech-
nique (2). The context of application of such filters is
the tracking phase of a fire-control radar (FCR).

The designed filters have their performance analysed
according to methods of quantitative evaluation of non-
linearities, accuracy and robustness. Also evaluation of
the filters performance against basic air combat maneu-
vers are accomplished.

1.2 Text organization

This paper is organized as follows. Section 1 was
dedicated to introductory overview. Section 2 presents
the adopted model used as basis for development of the
studied filters. Section 3 presents the theoretical basis
and considerations for the development of the proposed
nonlinear filters. Section 4 presents the methods for
implementation and evaluation of the filters. Section 5
presents the results of evaluations. Section 6 establishes
the main conclusions for the work.



2 Target model

2.1 Motion equations

The following presented model was developed by [5].
The derivation of this model is shown in [6].

The motion equations according to Miele’s aircraft
model are presented as the set of equations below. The
equations were expressed with 7' = 7 - T},42, for which
T is the thrust force, T},4, is the maximum available
thrust at any phase of flight and 7 is the percentage of
utilized thrust:
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For this set of equations, the state variables are the
horizontal coordinates x and y, the altitude h, the flight
path angle v, the heading angle y and the velocity v.
The control variables of this model are the angle of
attack a, the angle of roll (bank) p and the percentage
of thrust 7.

2.2 Aerodynamic model

The aerodynamic forces are described as follows:

L =
D =

g (h, v) - Sres - CL (o, M (h, v))
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L, D are the lift and drag forces respectively; C,, Cp
are the total coefficients of lift and drag; q(h,v) =
0.5p (h)-v? is the dynamic pressure; p is the air density;
Srey is a reference area (wing planform surface); ¢ is the
mean aerodynamic chord. The standard atmosphere
was considered for calculation of p in all equations.

The total aerodynamic coefficients are generally pro-
posed by [7], but for the purposes of this work a sim-
plified form was adopted:

(3)
(4)

As the aircraft motion equations describe the dy-
namics of a point of mass, there is no prescribed state
of surface control and, therefore, the portion that de-
pends on the elevator position (Cf,, . and Cp;, d.) can-
not be explicitly calculated. Nevertheless it is known
that a fraction of the angle of attack at a certain in-
stant is consequence of the elevator deflection, for which
there is a correspondence between the elevator deflec-
tion and the current steady-state of the angle of attack
Crs.0e = C’LSEK%a.

Cp~Cr, + (cLa + CLMK%> a

Cp ~ Cp, + (CDQ + CDacK%) a
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2.3 Thrust model

The standard thrust model used for the development
of the filters was the one that describes a turbojet en-
gine or a turbofan with low bypass ratio:

0.7
Tmaz = Tsl ' <p)
Psl

3 Nonlinear filters

3.1 Extended Kalman-Bucy Filter

The target trajectory is described by the variables
x, y and h, which shall be estimated. The states vec-
tor is then defined as x = [z, y, h, 7, X, v, @, U, n]T.
Let the state and output equations of a hybrid Gaus-
sian stochastic system be described by the stochastic
differential equation of It6 [8] and by the measurement
equation respectively:

()

dx(t) = f(x(t),t)dt+Gt)dw(t), VteR (6)
Z, = h(Xk,tk)JrVk, (7)

where x(t) is the states vector and zj, is the measure-
ments vector. The state error noise is a Wiener-Levy
process for which dw(t) is an increment. The vector
v is the measurement noise. The process noise and
the measurement noise are mutually independent and
independent on the initial state xy whose probability
density p (xg) is determined.

When the system is linear with assumed Gaussian
probability densities for the states and noises, the func-
tions f (x(t),t) and h (xg,t;) are linear on the states,
and the solution to the estimation problem is the
Kalman-Bucy Filter. If the system is nonlinear, the
probability densities for filtering and prediction may
be approximated by Gaussian and reproducible densi-
ties such that their moments can be recursively evalu-
ated by a set of equations approximately linear in re-
lation to the the mean X and the covariance matrix P.
Those approximately linear equations define the Ex-
tended Kalman-Bucy Filter.

For the filtering step, the statistical moments of the
approximately Gaussian p (xx|Zy) , i.e. the mean X
and the covariance matrix P at a given instant of time
t, are calculated by

%y = %),
+PLHT (R, 1) K (X, ) [25 — B (X, t6)] - (8)
P, =P
~PLHT (%, 1) K (%, 1) H(X t6) P (9)

K (%, tx) = [H (&}, t) PLHT (%], 1) + Ri] ~'(10)



For prediction step, the statistical moments of the ap-
proximately Gaussian p (x(t)|Zy), i.e. the mean X'(¢)
and the covariance matrix P’(t) for a continuous inter-
val t € Iy i1 satisfy the following ordinary differential
equations:

az’(t) _

at &(2),1) (11)

P~ F ((1),t) P'(t) + P'(t)FT (X' (t), 1)
+Q(t)

It is assumed that the time rate of change of an-
gle of attack {a}, roll angle {{1}, and thrust rating
{n} constitute independent Gaussian processes with
zero mean and determined variances o2, UE-L and (7727
thus Q(t) is a diagonal matrix of the following form
Q = diag ([0, 0,0, 0,0, 0, 0%, 07, 07]). The measure-
ments are values of x, y and h obtained at each t = t;,
such that the measurement equation is of the linear
type zr = H - xj + v for which h (xg,tx) = H - xj
where H (X}, t;) = [ I3x3 Oszxe ] R, is the covari-
ance matrix of the sensor noise. F (%X/(¢),t) is the jaco-
bian matrix of f (x(¢),t) evaluated at X'(¢).

3.2 EKBF - Daum’s theory

In [1], Daum assumes the existence of a gradient
function r = % [In ¥ (x,t)] and proposes some condi-
tions such that if any proposed function W (x, t) satisfies
them, then an exact linear filter may be described. The
conditions are stated as follows.

(12)

Condition 1: W(x,t) satisfies the Fokker-Planck
equation for the interval (tx—_1, tx):

e _ - (30)1

- [trace (%)] (13)

+ %trace (Q ‘g;f )
Condition 2:
of 1
trace [ — | + -rQr’ =xTAx+bTx+c¢  (14)
0x 4
for a symmetric matrix A, vector b, and a scalar c.

Condition 3:

f—%QrT:Dx—s—E (15)

for some matrix D and some vector E.

It is possible to prove that if ¥ exists and satisfies all
the previous conditions then a non normalized density
function at an instant ¢ for a set of measurements Z
can be described by

) P (Xk, k) =
v (Xk,tk)§ exp {—% [Xk, - mk}T M;l [Xk — mk]
(16)
As this density function solves the Fokker-Planck
equation, the parameters m and M are propagated be-
tween any two subsequent observations according to a
set of differential ordinary equations very similar to the
prediction equations of the EKBF. The parameters m
and M are not the mean and the covariance matrix of
the states, but are similar to them. The approach for
solving the practical difficulty of using m and M to de-
fine a filter was proposed by Schmidt [3], who comes up
with equivalent conditions a function f must satisfy for
approximately complying with conditions 1, 2 and 3.
For solving the Daum’s proposition, the function f
which does not depend explicitly on time may be writ-
ten as:

f(x)=n+Bx+U+0(3) (17)
where 1 = f (x), B = % e U = [XTGiX]9X1~

The portion O (3) denotes all terms of third and higher

orders. The matrices G; are symmetric and calculated
T i

by Gi = & (%2) = & (%)"| . addition,

the expression

trace (gi) =d+STx+xTLx + 0 (3) (18)

shall be valid for some symmetric matrix L, a vec-
tor S and a scalar d. If conditions 2 and 3 are true
including terms of order up to second, then W (x,t) =
exp {h (x,t)} such that h(x,t) = xT Vx +glx + a(t)
for a symmetric matrix V, a vector g and a scalar func-
tion « (t). Thus, in order to comply with condition 1
approximately, the following equivalent conditions may
be set:

Conditions A:

Q(VQV — VB) = L4+¢gGi+-+9.Gp (19)

g’ 2Qqv-B) = sTt+oa’vVv (20)
at) = %trace (Qeg” +2QV)

—g'h—d (21)

If f is linear or approximately linear, then the expres-
sions (19) and (20) are trivially satisfied with V = 0 and
g = 0. The Kalman Filter and the Extended Kalman
Filter are contained in this category of solutions. An-
other category of solutions can be obtained for a weaker
set of conditions, which is developed based on consid-
erations over higher order terms of an approximate so-
lution to the equation (13):



Conditions B:
2VQV — (VB + BTV) =

L+ (91G1+ - + 9G] (22)
g’ (2QV - B) =ST +2aTV (23)
a(t)=p(t) (24)

The relation between the parameters M and m,
and P and X, are established based on an equiva-
lence between the density (16) and a density of the

form Cyexp {—% x—%]"P ! [x— 5{]} Thus, the cor-

respondences P! = M~' -V and % = PM’lm—i—%Pg
are valid.

By transforming the equations of prediction for M
and m according to [3], the following expressions are
achieved:

P=BP +PB” +Q

—P(2-L+91G1+"'+gnGn)P (25)
i =1+B%
—P(2~L—|—91G1—|—~-~+gnGn)§<—PS (26)

By transforming the updating equations for M and
m, the equivalent updating equations are:

HfR,:lzk +Pk(__1)ﬁk(—) (27)
H{ R, 'H) - P;, (28)

—1 A
PiipXne+) =
—1 o
Pry =
In order to comply with all the conditions established
by Daum [1] and refined by Schmidt [3] it is convenient
to establish generic forms V = [vj1]g.9, 8 = [9jlg1>
n =[]y, B =[bji]lgyq: and G; = [Vi, jk]gy o, Where
j is the index of rows and k is the index of columns,
and 7 is an index relative to any of the state variables

x = [z; }9><1'

Due to the complexity of function f, a simple so-

lution to the filter of Daum requires compliance with
0,

the conditions B and the simplifications 37 ~ 0 and
a% (%) ~ 0 for obtention of vector S = [s;],,, and

of the symmetric matrix L = [l;] The result of

approximately satisfying (18) is:

9%x9°

L (29)
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The non null elements of L are {44 = —% sinvy, lyg =

2 .
les = =% cosy, lgg = +5siny and lg7r = lrg = —£ -

SrefCp.eq- The first relation of conditions B results
in a vector g = [0, 0, g3, 0, 0, 0, 0, 0, O]T and a matrix
V = [vjk]g,o With non null elements determined by:

lag 493 73,44

V44 (31)
lag + g3 - 73, 46
V46 - (32)
(bag — bes)
les
Ve6 e (33)
le7
Ve7 e — (34)
2bg7
The second relation of conditions B leads to:
ne
Vs = ——Vg7 (35)
ns
nrz
V33 = ——7U37 (36)
ns
nabze (ngb3e—mnabsa)y
e [ 4036, 4o (ne0s0 nak 140]
- nyb (ngbsg—mnabza)
[ B0 3, 4g 2GRt A0 73-,46]
_ bza(se+2n6ves+2n7v67)—b3esa
n4b3e o (neb3g—n4b34) (37)
[ bay 3420 Fhe ) 73'46]

where v3 44 = —vsinvy and 73 46 = cos<y, and the
relations (31) and (32) are calculated based on (37).
As &' = [—g3-ng —d],_, according to the definition
by (21) one can conclude that & = 0 for satisfying the
last relation of conditions B. The second-order terms
which increment the prediction equations of the EKBF
can be easily computed based on L, g and S.

3.3 EKBF - neural network

In this section, the Extended Kalman-Bucy Fil-
ter modified to comprise a neural network, herein
designated by Neural Extended Kalman-Bucy Filter
(NEKBEF), is developed based on [4]. The design of the
NEKBEF consists in determining the filtering and pre-
diction equations for an augmented state vector which
contains the coefficients of a neural network. The neu-
ral network has the functionality of calculation of de-
viations on the time derivative of the state variables,
which are compensated to reduce the effects of model-
ing, approximation and computation errors. The neural
network training is accomplished by the recursive esti-
mation of the network coefficients. The figure 1 depicts
a block diagram of a NEKBF, for compensation of the
deviations on the state variables.

For the particular case of this work, the neural net-
work is conceived to compensate the deviations on the
velocities &, ¢ and h based on variables which affect
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Figure 1: Block diagram representing the NEKBF

directly the target trajectory dynamics: -, x and v.
Defining the neural network in vectorial notation:

NN =Wy -g (W) x+b;)+bo (38)

The matrices of input and output coefficients W
and Wy respectively, and the input and output bias
vectors by and bp are defined as:

Wi 11 Wi 12 Wi 13
Wi = 0343 w21 w2 w2 03x3 | (39)
Wi, 31 W32 Wi 33
Wo,11  Wo,12 Wo, 13
W, = Wo,21 Wo,22 Wy, 23 (40)
Wo,31 Wo,32 Wo,33
O6x3
T
b = [ bi,1 bi2 bi3 ] (41)
T
bO = [ bo,l bo,2 bo,3 ] (42)
The vectorial function g(.) describes the dy-
namic function of the hidden layer neurons
defined as the logarithmic sigmoid g(u) =
1 1 1 T
| Tor(B) Teo(E) Tes(m) | hers

u=W; -x+bjand 7; = 1.

The Extended Kalman-Bucy Filter shall couple the
network training to the states estimation, i.e. achiev-
ing the weight factors and the bias portions of the neu-
ral network together with the estimation of the state
variables simultaneously. In order to do that the aug-
mented state vector must comprise all parameters to be
recursively estimated:

xa(t)=| 3 (43)

for @; (t) is a vector with the network input weights
(non null elements of W) , 3; (t) = by, @, (t) is a vec-
tor with the network output weights (non null elements
of Wo), and 3, (t) = bo.

The augmented target dynamic function must as-
sume the form:

The jacobian of the expanded dynamic function is:

Of 4 (XA (t),t)

Fa (%y(t),1) £

Oxa(t) xa (t)=%/, (t) a
F 4 ONN ONN 9NN 9NN NN
ox 0%, oB; 9%, 0P,
........................... (45)
0249 0249 024x3 O2axo  O2ax3 Iy

As the measurement equation is linear the out-
put matrix is of the form Ha g (i{%)k,tk) =
[Hy (X}, tx) , 03x24]-

The update and prediction equations for the NEKBF
are of the same form as (8), (9), (10), (11) and (12),
with the exception that the vectors and matrices have
to be substituted by the augmented ones: X4 x, Pa, &,
Ha r, Ka k, f4 (X'(t),t), Fa, and Qal(t).

The matrix Qa(t) is a extended form of the pro-
cess noise covariance matrix to contain the process er-
ror statistics associated to the neural network param-
eters. It is assumed that the time rates of change of
the neural network coefficients are Gaussian stochas-
tic processes, mutually independent and independent
on the noise terms related to the plant state vari-

ables, with zero mean and given variances aé, 02 ,

v K3

oz, ag. Thus, the matrix Qa(t) is written a
o o

QA(t) = blk:dzag (Q (t)7 an)u Qéia Qd}oa QBO) where
Qs, = 2 Toxo, Q; = O'E_]I3><37 Q;, =
Q;, =02 Isxs. The function blkdiag () is function for

block diagoonal concatenation of matrices.

UU% Tgxo and

4 Materials and methods
4.1 Work and validation model

The model presented on section 2 was used both as
work and validation model. For the work model the
parameters were assigned with typical values [6] and for
the validation model the parameters were assigned with
values obtained from [7, 9, 10| for each tested aircraft.

4.2 Implementation details

The prediction equations were numerically integrated
between two subsequent instants of observation 5 and
tg+1 in order to predict the state mean X'(t) and the
state covariance matrix P’(¢) up to the instant ¢ = ¢ .



The method of numerical integration used was the
fourth-order Runge-Kutta method with variable step.

As the sensor is a radar which measures the slant
range (r), the elevation (¢) and the azimuth (6) of the
target, in order to provide observations and statistics
of the measurement noise in cartesian coordinates the
unbiased polar to cartesian transformation was applied
to the radar measurements before they could be used by
the filters [11]. The sensor model (radar) was assumed
with the following uncertainties: o, = 10 m for slant
range, 04 = 0.1 deg = 0.0017 rad for elevation and
o9 = 0.1 deg = 0.0017 rad for azimuth. The sampling
period of the radar was adopted as Tqqar = 2 S.

The initialization of the designed filters used a
method of taking the first two measurements for com-
putation of the state mean and covariance matrix for
the instant ¢ = 3 [6].

4.3 Performance indexes

For verifying accuracy, the root mean square (RMS)
error is evaluated for any considered instant of time
based on an adequate number N of Monte Carlo runs.
For quantifying the nonlinearity the index of optimality
Tk, is defined according to [12]:

=

Ty = % {[Xk — %) P [xi — fik]}

If 7 is much greater than unity then the estimator
nonlinearity affects the performance significantly, how-
ever if 75 is in the proximity of one, then the estima-
tor nonlinearity has a insignificant effect on the perfor-
mance.

For checking robustness a new index was introduced
[6]. It consists of a mean of the RMS errors deviations
due to standardized variations on adjustable filter pa-
rameters:

1 =<
pk:ﬂ;;kj’k

where €;, 1, is the RMS error of the estimate of the jth
state variable at the instant ¢y, m; is the ¢th parameter
of the filter, p is the total number of filter parameters,
and n is the number of state variables. The standard
variation Am; on each filter parameter was adopted as
50% of its value tuned by design. If py is a value near
zero, then the filter may be considered robust else if pj
is much greater than 1 /trace {P;} , then the filter is
not robust. The greater the value of p; the less robust
is the filter.

5 Results

At first, we verify the effectiveness of the proposed
EKBF against air combat maneuvers. Considering a
Lockheed F-104S Starfighter starting from the position

(46)

T+ AT T ej’kl (47)

(10000 m, 10000 m, 2500 m) related to the radar refer-
ence frame, in a level flight with velocity v = 200m/s
and heading x = 0, each of the maneuvers loop and the
barrel roll is started a few seconds after the initial con-
dition. The process noise variances were set as o2 =
0.15 (rad/s)*, o2 = 0.75 (rad/s)” and ¢% = 0.0001.
The figure 2 shows the results of tracking both maneu-
vers by the EKBF.

097 1
¥ [m] x[m]

Figure 2: Tracking of loop and barrel roll maneuvers
by the EKBF

The detailed modeling grants versatility to the filter
as it provides dynamics to follow agile maneuvers. It is
observable that for both maneuvers the tracking follows
the trajectory closely ilustrating the effectiveness of the
EKBEF for air combat maneuvers.

For verifying proposed filters performance, results of
application of the EKBF, EKBF-D and NEKBF to
a validation trajectory are presented. The trajectory
start from a condition of level flight in direction of x at
cruise altitude (hg), cruise velocity (vg) and cruise angle
of attack (ap). At ¢ = 10s the aircraft model receives
control inputs: a ramp of angle of attack at the maxi-
mum allowable rate ¢,,., and saturated at cg+Aca, and
a ramp of bank angle at the maximum allowable rate
Praw = [maee and saturated at Ap. The considered
situation was an ascendant curve produced by control
inputs of Aa = +2° and Ap = +25°. The figures 3



shows results of tracking for the ascendant maneuver
of Cessna T-37A. For those results the filters were ad-
justed with o2 = 0.0025 (rad/s)?, 0% =0.25 (rad/s)?
and 072.7 =0.01.

¥ [m]

¥ 0%’ 095

0% 095

y(m] x[m]

Figure 3: Tracking of the Cessna T-37A in ascendant
curve by the EKBF, EKBF-D and NEKBF respectively

The EKBF, EKBF-D and NEKBF show high adhe-
sion to the trajectories without any apparent diver-
gence. In general, the estimate for £k = 3 exhibits a
significant error in altitude due to high errors on the
initialized estimate (X3 and P3).

For the ascendant maneuver performed by the Cessna
T-37A, the performance indexes were evaluated. The
figures 4 to 5 show the performance indexes. The in-

250

200 }

Figure 4: RMS errors of position for the Cessna T-37A
maneuver

Optimality Index
T

T
——EKEF

EKBF-D
NEKBF
i EKF tum ||

Time (5]

Figure 5: Optimality indexes

dexes were evaluated on a basis of N = 100 Monte
Carlo runs.

The position errors of the filters EKBF, EKBF-D and
NEKBF are of similar magnitude, and much smaller
than the position error for the EKF based on a planar
variable curve. The position errors are adequate for the
proposed filters of this paper with a stabilized value of
about 25m.

A similar ascendant maneuver of the Cessna T-37A
(Aa = 42° and Ay = +20°) was considered for evalu-
ation of the robustness index.

In figure 6 the robustness index computed for the
EKBF, EKBF-D and NEKBF is shown. In addition
two reference limits are set for objective evaluation of
filters robustness. The lower boundary of robustness is
the threshold 1,/trace {P;} evaluated for the EKBF
as designed. The higher boundary is three times the
previous threshold 3 x 1 /trace {P;}. Those limits al-
low the decision about the robustness of any filter: if
the robustness index is lower than the lower boundary
then definitely the filter is robust. However, if the in-
dex is higher than the higher boundary, the filter is not
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Figure 6: Robustness indexes

robust. Intermediary values of the index demands ad-
ditional criteria for designating an estimator as robust.

The greatest degree of robustness is shown by the
NEKBF, which can be definitely considered as robust.
The filter EKBF-D shows a significant degree of ro-
bustness, with an index slightly lower than the lower
boundary. According to the established criterion, it is
not possible to assert that the EKBF is robust. This
result demonstrates robustness against variation of pa-
rameters, and it is not necessarily related to the robust-
ness against sensor degradation.

6 Conclusions

The limitations of well established models of the lit-
erature for target tracking were overcome by the use of
the Miele model [5].

As an overall result, the designed filters presented
qualities of high accuracy, small position errors, mini-
mum influence of the nonlinearities on the performance,
and versatility to a variety of maneuvers for different
aircraft.

The methods of augmentation to the EKBF were
found to be beneficial as they reduce the effects of non-
linearities on accuracy and increase robustness. Among
the two augmented filters, the simplest is the EKBF-
D which provides a stable index of optimality with-
out increasing the computational complexity over the
EKBF. The most elaborated filter is the NEKBF which
increases the optimality and robustness of the EKBF at
a cost of a greater implemention complexity.

Two major limitations were found for the designed
filters: a maximum range of 30 km for which the track-
ing is effective due to the sensor characteristics (de-
generation of measurement with the distance), and the
minimum computational requirements for the execu-
tion of numerical integration. These limitations can
be mitigated by two facts: (i) with techniques of regis-
tering measurements and bias compensation, the mea-
surements degeneration in relation to the distance can

be reduced; (ii) with adoption of defense systems with
high computational capacity the proposed algorithms
have wide applicability.
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