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1 Introduction

The idea behind the current proposal for a data fusion system
derives from the evidence of some specific problems we
encountered during our trials with radar and infrared search
and track (IRST) for surveillance and tracking. We can sum-
marize and represent what was highlighted during the tests in
the following simple and concise way:

¢ Especially in complex scenarios, it is not trivial to asso-
ciate tracks from one system to tracks from the other,
mainly because they measure quantities of different
type.

¢ In air to sea scenarios, track seductions caused by
strong maritime clutter causes exchange of the markers
associated to radar targets, failing association with
IRST tracks.

¢ In long range tracking, radar and IRST track associa-
tion fails due to the inaccuracies of the distances esti-
mated by the IRST and the inability to properly link
the angles provided by the two systems.

¢ In order to operate the data fusion, kinematic ranging
techniques'™ are used in IRST to estimate the track
range. This technique is not fully reliable and in
some cases it does not permit correct track to track
association.

This paper describes a simple but effective method to
remove the above limitations in the use of the two systems
and to operate without the need of any kinematic ranging
operation.

Currently, radar and IRST are operating together on vari-
ous platforms and are considered complementary from an
operational point of view. In general, radar systems are effec-
tive in long range detection, they are capable of providing
precise target range and they are active systems; IRST sys-
tems are very precise in angular target tracking and they are
completely passive systems.
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The proposed data fusion approach intends to exploit the
capabilities of the two sensors by mixing their specific char-
acteristics, considering them as part of an integrated system.

2 Definition of the Context for Data Fusion

We assume at beginning that both the sensors, radar and
IRST, provide detection data relevant to the target at the
same sampling time 7'y (synchronous systems). Later on
we will remove this limitation to deal with systems with
different sampling time also (asynchronous systems).

We will disregard all the issues related to the registration
problem™ of the two sensors assuming that they have a
common axis system that, in general, is the one of the host
platform. Figure 1 is a top level block diagram of the data
fusion system.

2.1 Sensing and Preprocessing System

This represents the sensor processing front-end; its main pur-
pose is the extraction of all the possible radar and IRST tar-
gets. This is obtained, in general, by suitable statistical signal
processing on a single acquisition (batch) basis, without
any knowledge of the past events. The resulting data records
are called “detection.” Each detection can be originated by a
real target of interest, by noise, or by clutter/background.
A common situation is to operate with few detections origi-
nated by real targets and many detections originated by noise
or clutter/background.

2.2 Data Processing and Fusion System

This part is devoted to the tracks from noise or clutter. It is
based on time-by-time correlation of the detection. Data pro-
cessors (DAP) perform estimation and prediction of tracks
on the basis of kinematics. The fusion system, placed at
the end of the DAPs, mixes the tracks data. Here we assume
the DAPs and the fusion system are located in the same func-
tional unit even if it is not strictly necessary.
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Fig. 1 Top level block diagram of the system.
The data fusion system functional block will be expanded 1
later on. -
For our purpose we assume that, for each detection, the T~a
following data, in input to the radar data processing func- T~
tional block, are available: P .
N
L N
range r(k - T) resind g ’ Y
s> AN
and ? r-cos L \ /
¢ ;// \l / r-cosfB
. R ______>N /
bearing f(k - T). _ 1/
r-sin f r

For the IRST, for each detection, the following data, in input
to the IRST data processing functional block, are available:
azimuth

azimuth g(k - T)

and

elevation9(k - T).

The angles f and ¢ derive from different sources, but they
refer to the same angle although with different measure-
ment noise.

For compactness, the sampling time 7' is not indicated in
the following formulas and whenever necessary we will omit
the sampling counter %, too.

The geometry associated to the above parameters is sche-
matically presented in Fig. 2.

The noise associated with the input data is assumed white,
Gaussian, and uncorrelated.

We convert the data of radar from polar to Cartesian coor-
dinates to avoid the use of the extended Kalman filters,

{x(k) — r(k) - cos[B(K)]
y(k) = r(K) - sen[B(k)]"

It is known that the above conversion produces correlation
and bias in the noise of the converted coordinates, but
that bias can be evaluated and therefore removed.®

Optical Engineering

046401-2

Fig. 2 Geometry of the scene.

Now we can proceed in defining the output elements, the
tracks, of the radar data processor (by the usual symbols for
the description of dynamic systems):

* estimation of the present state: [Xg(k|k), Vg (k|k)]

e estimation of the future state

[3r(k + 1]k), Y (k + 1[k)]
* state errors estimated variances o3 and o}

(prediction):

* estimated correlation between the state errors: p,, =
E{AXR . AyR}s where A.XR = '%R —x and AyR = 3\713 -
y are the estimation errors on Xy and Vg, being x and y
the true values of the slant coordinates. E{} stands for
the expected value.

The output elements, the tracks, of the IRST data process-
ing function are the following:

A

* estimation of the present state: |@(k|k), d(k|k)]

(
« prediction of the future state: [@(k + 1]k), (k + 1|k)]

2

* estimated variances o, 3.

From the estimates X and yr we can get back the range
and bearing filtered data:

April 2013/Vol. 52(4)



Quaranta and Balzarotti: Technique for radar and infrared search and track data fusion

P= /iR + 5k
A 50\ - 1
B = arctg (){—’;) 1)

Since the estimation errors on X and y are generally differ-
ent at every sampling time and are correlated, too, the com-
putation of the variance is not straightforward and some
approximation must be taken to obtain (see Appendix A):

o2 =e"% |62 (cos hoy- cos?f+sin hoy- sin2f)

+03 - (cos hoy- sin?f3+sin hoy- COS23) +2-pyy -sin f-cos fi] _

82 .2 1 82 2 IS 2.2 2
2 yR'0x+xR'GVV_Q'XR'yR'pxy Gx'ay_pxy
0= = +2.—
p 74 Pz

(@)

Now, to implement the fusion of the data coming from two
different sensors, we have to perform an additional step thus
obtaining a homogeneous set of measurements.

By using elevation & from the IRST and the data from the
radar, we can write the equations:

-sin - cos 9 - 3

While by using azimuth ¢ elevation 9 from the IRST and
range r from the radar we have:

{y, =T7-cos (p-cosd

;
CM:?

(. =r- send

sin ¢ - cos 9 - )

Now we have two homogeneous sets of data: the vectors
Er = (0080 C) and & = [£,,8,,¢)7. with T as the symbol
of transpose operation, where of course {7z = {,, = {,. The
expressions for the most important statistic figures are
reported in Appendix B. In particular it is shown that the
expected values of the measurement errors have a bias.
When the bias is not negligible, a suitable mitigation process
has to be considered.®

In a multiple target tracking scenario we have to associate
the data from many possible targets. Simply the r’ track com-
ing from the radar and the i’ track from the IRST are con-
sidered to be linked to the same object if, said Xy and X;
their respective states,

Xg(t) = X;(¢) Vit &)

being ¢ the time. In our case, { = Xy and §; = X;. But &z
and &; are affected by estimation errors that rarely allow
Eq. (5) to be verified. In order to accept the hypothesis
that two tracks coming from different sensors concern the
same object (track to track association process), we have,
therefore, to test that the following differences

Axgp = CxR - Cx,
Ale = €YR - é:yl
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are inside a given bound for every k. So to properly associate
¢r and &; to the same target we proceed with the following
criteria:

Condition 1: For all tracks compute
B=a|<i-(o5+0,), (©)
where 1 is a suitable constant, Equation (6) is justified by

considering that the error of # and ¢ are independent and
Gaussian with 0 mean.

Condition 2: For all tracks satisfying the previous crite-
ria compute:

i, (k) = Xg(k|k) - cos 9(k|k

&y (k) = 3r(K|k) - cos d(k|k

¢y, (k) = P(k[k) - cos (k|k) - cos p(k|k) - )
&y, (k) = #(k|k) - cos d(k|k) - sin p(k|k)

Then, under the Gaussian approximation on {p and {;, verify
that the following conditions are satisfied:

[Cae (k) = &, (R[S, (k) = &, (K))?
0% (kIK) 03 (klk)
prs
-2 Sk (k) =&, (K
7o KR -0, ) ) €0 B
(€, (k) = &y, (k)] < 7o ®)
being O'XR,, ym the variances and p,,, the correlation coef-

ficient computed in Appendix C. With the approximation
that { and {; are Gaussian, y, is a suitable threshold
value evaluated by using techniques based on y? test.

Condition 3: For all tracks satisfying the previous crite-
ria compute:

Cop(k+1) = Fp(k+ 1]k) - cos (k + 1]k)
Cy (k1) = Sk + 1]k) - cos (k + 1[k)
¢y, (k+1) = #(k+1]k) - cos I(k + 1]k) - cos @(k + 1]k) -
&y, (k+1) = #(k+1]k) - cos d(k + 1]k) - sin G(k + 1|k)
& (k+1) = #(k 4 1]k) - sin 8(k + 1]k)
©)
Then verify that the following conditions are satisfied:
[Cop (k1) =& (k4 1) [éyR<k+ ) =&, (k+ D
03, (k+1[K) Ve (ke + 1K)
-2 pry(k + l‘k)
LG e+ 1) = G (k4 D] - 6, (k+1) =&, (k+ D]
G (K 1[K) - 0, (K + 1K) ™
(10)

where o2 (k + 1|k), o2, (k + 1]k), and py, (k + 1]k) can be
computed as in the previous step, but using the predicted

data, and y; is evaluated in the same way as y,.
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We define “mixed detection” the system of Eq. (7)
obtained by combining the data of two tracks which pass
the above discrimination process. Equation (7) can be inter-
preted as a set of measures, whose measurement errors are

Oy Ofs Oxgs O3s02y» O3, and o7 evaluated in the Appendices.

YR? yr’
3 Fusion and Tracking
{1, (k) and £, (k) both represent an estimation of the same

quantity, as well as {,, (k) and ¢, (k). Now, the classical way
to proceed for the fusion is by the following equation:’

&Rl(k) =&(k) + A - [Er(k) =& (K)]. (11

Because . (k) is common to both ¢ and &; vectors, it can be
ignored in computation and the matrix A becomes a 2 X 2
elements matrix while the estimate &g;(k) a 2 elements
vector. .

Let A&g;, A&, and A& be the errors on &gi(k),

&1(k),Ex(k), we have:
Awi(k) = AL (k) + A - [Ar(K) = AL, ()], (12)

The covariance and cross-covariance matrices of the errors
A&R, A&;, and Ay, are

Since the polar to Cartesian conversion introduced above
causes a correlation between the errors along the coordinate
axes, the matrix R,, especially when the trajectories of the
target is seen near 45 deg, tends to be singular with impacts
on the stability of tracking. A different approach is then
adopted.

We consider (&g, &;) as two different detections which
have been determined by the same sensor from the same
source. Now we designate

Grlk) = = s
(2m)"-|S]
=27 s\ (¢-2)

(15)
_ e
Gi(k) = 2x)"s|

the probability density function (pdf) of the Gaussian ran-
dom variables & and &;, respectively, and Z = Z(k|k — 1)
the predicted “measure” for the present time evaluated at
the previous time ¢ — T, by the data fusion system, while
S(k) is the relevant residual covariance matrix.

In that case®

Gr(k)

B Gg(k) + G, (k) (o

B o2, C(Ax;, - Aye,) provides the probability of {x(k), given that &; and &y re-
Rg = C( Axg, - Ang) (;%R present the same object. Therefore, every mixed detection
’ will generate a new “measure,” whose components along
the coordinate axes are provided by
2 .
Ry = [C(Axo-xf A ) C(Ax{alz AyCI)} ) { e Z””‘R(k) +(1-a)- é‘)Cl(k) . a7
¢ Ve, yi é’y(k) =a- é,yR<k) + (1 - (X) : é’}ﬁ(k)
So we can write
CIR — |: ¢ Cr 1 R — CT . é« (k)
C(Ayy, - Ax C(Ays, - A RI x
(g - Axg) - Cldvg - Ay Lalk) = | &,(0) | (18)
While the covariance matrix of the difference A&y (k)— ¢:(k)
Ag; (k) is . . -
where its covariance matrix is
RA :Ri +Rr_Cir_Cri' (13) Rxx va sz
R(k)=| R,y Ry, Ry, (19)
We have’ R, R, R,.
A=(R;-C,)"-R;". (14) with
|
Ry=0a 01, +(1-a)3 06, +2-a-(1-a) - C(Ax;, - Ax,)
Ry =a* - C(Axg, - Aye,) +a- (1 —a) - [C(Axg, - Aye,) + C(Axg, - Aye )] + (1 —a)? - C(Axg, - Aye,)
R, =a- - C(Axs, - Az) + (1 —a) - C(Axg, - Az)
R, =R,,
Ry=0a"-05, +(1-a)- 07, +2-a-(1—a)-C(Ay, - Ay;,) (20)
Ry, =a-C(Ay;, - Az) + (1 —a) - C(Ay,, - Az)
R, =R,
R, =R,,
RZZ - 6?

being o3, 63,, 03,. 03, 02, C(Axe, - Aye,), C(Axe, - Aye,), C(Ax, - Axg,), C(Aye, - Aye,), C(Axe, - Aye,), C(Ay, -

YR 7V1r?
Ax;,) given in the Appendices.
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Fig. 3 Data fusion system diagram.

£, (k) is the input to the processor devoted to the fused
tracks and R(k) is the covariance matrix of its error.
All the mixed detections meeting the criteria

[Calk) = Z(klk = D))" - S(k)~" - [2,(k) — Z(klk = 1)] <y
@1)

with y a suitable threshold are considered for an association
with the fused track. It is possible that an IRST track could be
associated to more radar tracks and vice versa. In fact, every
IRST track with azimuth near to the bearing of a given radar
track could pass, regardless of the elevation, the tests of the
discrimination process for the mixed detection generation.
This means that a given fused track can be unlikely associ-
ated with multiple mixed detections. In that case, we proceed
by using the classical joint probabilistic data association
(JPDA) algorithm,”!” with the following adaptation: the
fused tracks and the IRST tracks are put in the role, respec-
tively, of tracks and detections in the generation of the val-
idation matrix and in the event matrices of JPDA algorithm.
Then the exponent of the Gaussian probability density func-
tion relevant to each fused track to which the mixed detection
is associated (the mixed detection has been previously gen-
erated using the relevant IRST track in event matrix), will be

{%I(IR) =& (k- T+ Atlk - T;) = (A1) - & (k|k)

Pi(tg) = P(k - T; + Atlk - T;) = @, (A1) - P(k|k) - @F (A1) + Q; (A7)’

equal to —1/2 the left hand side of Eq. (21). At this point we
can proceed with the calculation of the Kalman gain, the esti-
mation of the present and predicted state and the covariance
matrixes of the relevant estimation errors. Figure 3 summa-
ries with a block diagram the process described.

4 Asynchronous Systems

Now we remove the limitation that radar and IRST are syn-
chronous. Our main objective is to align all data in time in
order to implement the track-to-track association process
conditions 1 to 3 described in Sec. 2.

Let us designate T and 7, the sampling periods of radar
and IRST, respectively. We select for the following descrip-
tion the sampling period T, of radar as reference and as the
time when all the operations of the fusion system start.

Let
At:tR—tl, (22)
where tp and #; are the sampling times of radar and IRST.
Referring to Fig. 4, we can proceed in the following way.

The output data from the IRST referred to the radar time
tg = k- T; + At are given by

(23)

while the radar predictions at the time #; + 7; = tg + T; — At referred to the IRST predicted data are

{ Erlty +Ty) = Eg(tg + Ty — Atlk - Tg) = @ (T; — A1) - Ep(K[k) ,

where &;, @;, P;, and Q; are the state, the transition matrix,
the covariance matrices of the state error and process noise
of the IRST track, while &g, @, Pg, and Qp are the state,
the transition matrix, the covariance matrix of the state error
estimation and of the process noise of the radar track.

The Eq. (23) are necessary to verify conditions 1 and 2.
Once obtained the predicted state £x(7; + T;) and the pre-
dicted state error covariance matrix Pg(t; +T;) we are
ready to run the condition 3.

An alternative method, called interpolation between
samples, certainly faster, but mainly, which requires no

Optical Engineering
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(24)

[

knowledge of the state equations of both the tracking sys-
tems, is as follows: since it is always Ar < T, assuming
a three-dimensional state, it is reasonable to suppose a con-
stant acceleration of the IRST track within the time interval
At. Furthermore, in the absence of further information
between two successive sampling times, we obtain the var-
iances in an intermediate point as a linear interpolation
between the variances of the estimated and predicted state
errors. So we rewrite Eq. (23) to align the azimuth and eleva-
tion angles ¢(t;), 9(¢;) and the state errors variances 67 =

(o2 o3]" to the time 7z as

April 2013/Vol. 52(4)
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f——

——

Fig. 4 Timing diagram.

o(tr+ Atlty) = p(1r) = (1)) + @, (17) - At + a, (1) - 4
2
Ity + Atlty) = 8(1g) = (1) + wy(17) - At + ay(1;) - A=
&2 _&?
o2 (1, + Atlty) = o3 (1g]t;) = o2 (k|k) +M N

(25)

being (1) = @(klk) and 9(1;) = (klk), o,(1;) =
@, (k|k), and a,,(t;) = &, (k|k), with y = ¢, 9, estimated
position, velocity, and acceleration of the IR track angles
at the time instant #; = k - T;. o7(k|k) and 67 (k + 1|k) des-
ignate the estimated and predicted variances at the times ¢;
and f; + T, respectively.

For condition 3 we will proceed in a simpler way using
the linear interpolation for both the positions X and y and
the variance o3 = [0207]" as

Sty + Tilt) = &p(klk) + 2EHD=ER (7, Ap)

f)R(k|k) + f‘R(k+1|/;)—5’R(k\k) (TI _ Al)
O

Yr(t; +Tiltg) .
o2 (k+11k)—c2 (k|k
okt + Tiltg) = op(k|k) + BEHR=E0 (7, — Ap)
(26)

5 Simulation Results

We generated the target motions in order to stress the system
and to check the robustness of algorithms also incurring in
the risk to create pour realistic scenarios. Clutter is generated
and uniformly distributed inside the observed volume. Both
IRST and radar utilize the probabilistic data association
(PDA) algorithms’!? for detection-gate association. Impor-
tant is also the use of the JPDA algorithm in case of detection
shared by more tracks. Moreover, in order to make more
accurate the tracking and to reduce the false track probability,
we assume the use of the interacting multiple model (IMM)
algorithm.’'?

The sampling time of the IRST is 7; = 157 ms, while the
radar one is T = 1 s. To synchronize both data flows we
used the interpolation between samples method. The radar
measures range errors is 75 m rms and bearing error
0.5 deg rms in one case, 1.0 deg rms in the second. The
IRST angular measurements error is 0.6 mrad rms.

Different motion models are used by IMM for the differ-
ent process phases.

For the radar.
For the formation tracks the models are:

1. False target model: acceleration process of 35 m/s?,
time constant 7y = 10 s, and detection probability
P DR — O
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2. Medium-low acceleration model: acceleration process
of 35 m/sz, time constant 7o = 10 s, and detection
probability Ppr = 0.9.

3. Maneuver motion model: acceleration process of
70 m/s* and time constant 7; = 3 s.

For the established tracks the motion models are:

1. Linear motion model: acceleration process of
0.25 m/s? and time constant 7, = 60 s.

2. Medium-low acceleration model: acceleration process
of 35 m/s? and time constant 7, = 10 s.

3. Maneuver motion model: acceleration process of
70 m/s* and time constant 7, = 3 s.

For the IRST.
For the formation tracks we have:

1. False target model: acceleration process of 0.5 mrad /s,
time constant 7y =5s, and detection probability
P DI — O

2. Medium-low acceleration model: acceleration process
of 0.5 mrad/ s2, time constant 79 = 5 s, and detection
probability Pp; = 0.9.

3. Maneuver motion model: acceleration process of
25 mrad/s? and time constant 7; = 0.5 s.
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Fig. 5 Estimation errors (m) (radar angular measurement error

0.5 deg): (a) x-axis (m); (b) y-axis (m); and (c) altitude (m).
(— fused track estimation error, — — — radar track estimation error).
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For the established tracks, it is:

1. Linear motion model: acceleration process of
103 mrad/s” and time constant 7, = 120 s.

2. Medium-low acceleration model: acceleration process
of 0.5 mrad/s? and time constant 7, = 5 s.

3. Maneuver motion model: acceleration process of
25 mrad/s? and time constant 7; = 0.5 s.

The data fusion system is characterized by the following
features:

65,052

Ky=3, yo=2.5, y;=3.75, and a gate threshold
y = 20.

Even for the fusion system we used the IMM algorithm
characterized by these three motion models:

1. Linear motion model: acceleration process of
0.0025 m/s? and time constant 7, = 60 s.

2. Medium-low acceleration model: acceleration process
of 30 m/s? and time constant 7, = 10 s.

3. Maneuver motion model: acceleration process of
100 m/s? and time constant 7; = 4 s.

For the motion along the altitude direction we adopted
only a linear motion model characterized by an acceler-
ation process rms of 0.025 m/s> and time constant
7, =60 s.

The probability of correct association of the mixed detec-
tion with the predicted tracks, i.e., of correct fusion of the
data from the two sensors, was practically 100% in all
performed tests, with the exception of the case where the
distance between two targets was close to the resolution of
the two sensors and the relative velocity was close to zero.
In that condition, the probability falls to 50%.

We consider as merit figures for the data fusion system:

1. The increased precision of the fused tracks with
respect to the radar ones.

2. The absence of bias in the estimation errors along the
three coordinate axes.

We checked the above merit figures by using a target
placed at the distance greater than 70 km, an altitude of
50 m, approaching the observer with a constant velocity
of 250 km/h along the x- and y-directions with an angle
of 45 deg with respect to the observer.

Figure 5 shows the behavior of the estimation errors at the
time k based on 0.5 deg rms bearing error, while Fig. 6 on
1.0 deg rms bearing error.

It is possible to see that the error in bearing impacts the
performance of the radar as a standalone system, but it is
practically negligible when data fusion is implemented.
The general benefit in accuracy is ever evident.

It is interesting to observe in Figs. 5(a), 5(b), 6(a), and
6(b), the difference in behavior of radar estimation error
with respect to data fusion estimation error: due to the
polar-to-Cartesian coordinate conversion in radar data, to
an error on the x-axis corresponds an error on y-axis, propor-
tional and of opposite sign. In the specific case of the figures
where the trajectory of the target is 45-deg off-axis,

62.056
62.356
--| 62656
62.956
63.256

64.752
64.452
64.152
63.852
63552
63.252
62.952
62,652
62.352
62,052

Y (Km)

63,856
64.156
--| 64456
64.756
65,056

Fig. 7 The gate when a is around 0.5.
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Fig. 8 The gate collapses almost in a segment when is « is around 0.

Ax = —Ay (dash lines in the figures). The data fusion system
significantly mitigates that effect (solid lines).

It is interesting to observe the behavior of the fused tracks:
when the coefficient  of the fusion equation, is around 0.5,
i.e., when radar and IRST concur with equal weight to the
fused detection, the equal-probability ellipse (gate) of the
fused track results orthogonal to the observer-target direction
(Fig. 7). The angular radar error causes an error proportional
to 7 - 6, the cross-range error, orthogonal to the range itself.

When the coefficient a tends to 0 the IRST data become
prevailing in ruling the tracking. All the uncertainty due to
the radar bearing disappears and the cross-range error is
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Fig. 9 NMEE (radar angular measurement error 0.5 deg): Fig. 10 NMEE (radar angular measurement error 1 deg):
(a) x-axis; (b) y-axis; and (c) altitude. (—— NMEE, — — — mean (a) x-axis; (b) y-axis; and (c) altitude. (—— NMEE, — — — mean
value, - - - - - bounds). value, - - - - - - bounds).
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determined mainly by the IRST error angle. The gate is
mainly determined by the radar error of the range estimation.
The gate collapses almost in a segment (Fig. 8).

To verify the bias in the estimation error along each coor-
dinate axis we used the normalized mean estimation error
(NMEE)" based on N Monte Carlo runs. Using a confidence
region of 95%, we consider the error without bias if it results

u(k) € |-1.967/v/N,1.967//N|,

where

0.400

I s e s i .
A
-0.100 ,7\'\_’207 4
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Ax, (k
B 01,23,k
q

ul) = >

being o, the standard deviation of the error component Ax in
the ¢’th run.

Our NMEE test is constituted of N = 30 Monte Carlo
runs of length K = 180 samples (3 min long), using the
target of the previous example. Figure 9 shows the graphs
of the normalized estimated mean error for 0.5 deg rms
bearing error, the bounds of the confidence region,
[-0.359,0.359], and the sample mean in each direction.
We can observe that the samples u(k) are within the confi-
dence interval, except for some isolated points.

Finally, Fig. 10 provides the graphs of the NMEE based
on N = 60 Monte Carlo runs, but with an angular radar
measurement error of 1 deg. Also in this case we can observe
that the NMEE is within the 95% bounds of the confidence
interval, now [—0.254,0.254], except for some isolated
points, showing a still acceptable zero mean estimation
error of the fusion system.

6 Conclusions

The algorithm to fuse tracks, proposed in this paper, pro-
vides a general procedure to manage not homogeneous
data as in the case of radar and IRST. The paper considers
both synchronous and asynchronous sensors. For that, it
introduced a specific synchronization technique of the
data flows. The simulation results prove the validity of
the method through the significant improvement in the
accuracy of tracking and in the absence of bias in the
state error of the tracks.

The extension of the algorithm to the case of three-
dimensional radar is fairly straightforward: in that case, in
addition to the bearing, the radar also provides measurements
of elevation making the generation of the mixed detection
more immediate. Indeed, the comparison between radar
and IRST tracks is no longer extended to all objects that
are located inside a given band of uncertainty around the
bearing of the radar track, as suggested by Eq. (6), but
only to a reduced set of targets identified also by their eleva-
tion. That involves a computing time smaller than required
by the case treated up to now.

The method can be also applied to tracking in polar
coordinates by using the enhanced Kalman filter. In that
case, the evaluation of the range and bearing variances is
no more necessary. The enhanced Kalman filter introduces,
as cons, a greater computing effort and instability in the case
of significant measurement error or process noise or rough
initializations.

It is clear that sensors, electro-optical, radar, or others,
continue to be the core of the process of sensor data fusion
because they provide the measurement of the reality. But
the sensor data fusion can effectively mitigate defects and
improves overall performance also in terms of reliability
and data integrity, when these factors are important for
the application.'* That by means of the appropriate manage-
ment of fertile data and redundant data provided by the sen-
sors as described in the paper.

Appendix A
Let
Ar=7r—r

be the range error and r the true value. The series expansion
of 7(k) around (x,y), terminated to the first term of the
expansion, because the others are negligible, gives

- A - A
Argx XRer YR

r r

= Axp - cos f+ Ayp - sin f.

Since Axyp and Ay, are Gaussian and zero-mean we can
assume the same statistics for Ar. The variance will be

E{AF?|r,x,y} = 0% - cos? f+ o3 - sin® f+ 2 - p,, sin j
- cos = E{Ar*|B}
with p,, = E{Axg - Ayg}.
By using the estimated values, which are the only values

available to the fusion system, in place of the real ones and
introducing the angle error A = f — f, we can write

E{AP|B} = E{6% - cos*(f — Ap) + o3 - sin?(f — Ap)
+2- pyy sin(B = AB) - cos(B — AB)|B}.

Because for a Gaussian random variable & with variance 62

and x; a constant, it results:

E{cos?(£+xy)} = e~ (cos ho? - cos? xy +sin ho? - sin? x; )
E{sin?(E+xy)} = e~ (cos ho? - sin®xy + sin ho? - cos? xg)
we get
o} = E{Ar|p}
~ ¢~%[o? - (cos hoy, - cos? § + sin hey - sin® )
+ o3 - (cos hoj - sin? /3 + sin hoy, - cos? )
+2~pxy~sinﬁ'cosﬁ].
Similarly we can proceed for the bearing S, by considering

also that the approximation is as good as smaller is the ratio
Ar/r

oj = E{AB[F. 5g. Jr}

_ E{(f’R — Ayg)® - 03 + (g — Axg)* - 03 }
= R

4

Xp—=Axp) - (Vr —AYR) “ Prv o o .
+—2~E{( R ®) (/’:);R V) pxy|r,xR,yR}

and so

A2 2 A2 2 A A~
YR 0x+Xg 0y =2 Xg YR Pry

As far as the sensor data fusion methods and techniques, 0/2; = v
object of continuous improvement in formalization,”!>!® we r
think that the paper provides an effective theoretical contri- 1. o; - U,% - ﬂ;zcy
bution and an appropriate implementation solution. P ’
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Appendix B variable ¢ with variance o®> and x, a constant, it
Let results
Axg, =(, —x-cos 9 Ay, =, —y-cosd E{cos(¢ +xp)} = ™% cos Xo
. _Z .
Axg, =¢, —x-cosd Ay, ={, —y-cosd E{sin(¢ + xo)} = e~ sin x,

E{sin(& + xq) - cos(& + xo)} = €™ sin x, - cos x
be the error of the two sets of data and x and y be the
true slant values. Considering that for a Gaussian random By simply math transformations, we get

~ ~ o 2 ~
Ney = E{Ax¢, |Xg, 8} = Xg - cos 9 - (e“’§ - e‘T'g) = —Rg -2 cos I
~ ~ o 2 ~
e = E{Ayg, 5.8} = 5 - cos B- (e = eF) = =5 - F - cos §

and

o2 = 7% - e - {[cos h(203) — cos ho3] - cos? 9 + [sin h(263) — sin ho?) - sin? 9} A
+062 - e72% - {[2 - cos h(263) — cos ho?) 'ACOSZ‘& +[2 - sin h(263) — sin haé] - sin? 9}
o3, = 5% - ¢72% - {[cos h(263) — cos ho3] - cos® I + [sin h(263) — sin ho3] - sin® 9} A
+ 06272 - {[2 - cos h(203) — cos hoj] - cos* § + [2 - sin h(203) — sin ho}) - sin® 9}
while the cross-correlation is
C(Axg, - Ay,) = XgPp - €% - {(1 -2 e‘?) - (cos ho? - cos? § + sin ho? - sin® )
+¢7% - [cos h(2 - 63) - cos? 9 + sin h(2 - 63) - sin? @]}
-0 2 2 29 ; 2. <in2 9
+py-e - q(1=2-e77 ) - (cos hog - cos*9 + sin hoy - sin® 9)

+2-¢% - [cos h(2-62) - cos2 + sin h(2 - 63) - sin? 1@]} — My * Ny

In the same way we get for the components of {;

2
A A D ~ A ~ 2, 2 % ~ 0i+03 ~ A
— — —(0,+ — ~
nXI—E{Ax§I|r,(p,19}—r-coqu-cos&-[e (e5+03) — =2 }_— Fo=t5t.cos @p-cosd#0

3 - %t 2, 2 N
ny, = E{Ay¢,|F.$,8} =7 -sin ¢ - cos 9 - [e—(ﬂi+¢’§)_e— } E—Wm-sinércos&;éo

and

o2 = (P +2-062) e t%)[cos h(2 - 62) - cos® § + sin h(2 - 63) - sin® )]
X [cos h(2 - 63) - cos? & + sin h(2 - 63) - sin? ]+
2,52
—(r?+02)- (2 e ) e~ (@t [cos hol - cos® @ + sin hol - sin? @]
X [cos ho? - cos?d + sin ho? - sin® 9] — 12,
o3, = (P +2-02) e t%)[cos h(2 - 62) - sin® § + sin h(2 - 62) - cos® P
X [cos h(2 - 63) - cos? & + sin h(2 - 63) - sin? ]+
o tod

§

—(P+02) (2 e 7 =1)- e %*%)[cos hol - sin® @ + sin ho, - cos® P

X [cos ho? - cos? 9 + sin ho} - sin® 9] — 13,

while for the correlation between Ax;, e Ay, after some calculations we have
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P42 .
C(A)Q;I Aygl) %802 .e 2»(0‘2,4*0"%) Sln(Z{o) r,@}
N 2 % ) 0-? .
.[cosh(2.a&) cosz8+smh( ) sz,g] —7.sind- (e P2~ _r'79'SlIl 3
o2 +o2
2-e” (/‘2 : -1 2
—(32 2\, 2" T T —(o+0d) o o
e 2 ¢ sin(2-4) while its variance is given by

-[cos ho? - cos 9+ sin ho? - sin® 9] + —1y, 1y, -

o =72 % - {[cos h(203) —cos ho3] - sin> 9 + [sin 7(263)

—sin ho?] - cos? 8} + +o2 - e2% - {[2 - cos h(203)
Let now

. —cos hod] - sin?§ + [2 - sin h(263) —sin ho?] - cos? I}
Az, =Az;, =Az={,—z={,—r-sind

be the error and z, r, and J the true values, by simply math The error Az will result correlated to the errors Ax;,, Ax;,,
transformations we get Ay, e Ay, by the following equations

|

o

%

o2
C(Axg, - Az) = { {? - Xg + (0%, cos B + pyy Sin B - e‘Tﬁ} -(1-2-¢72)
o2
+ {? -xg +2- (o3, cos ,[i—l—pxysm [)’) e TB} . e‘z"?;} . e% - sin 9 - cos -+

2 2.2
0'9 6{‘7+J

C(Axe, - Az) = [(?2 +0%) - (1 —eT—e 2 '9) + (P 42-63) - e"loit2ay))

(%w%rg) R oA “
Xe -cos ¢ -sin 9 -cos I —n,, -1,

0.2
clare, 39 ={[r-su+ @i p sy o] (1-2-%)

/52 A ~
+ [r Yr+2- (03, sin B + Py COS B) e } . e‘z'”ﬁ} . e™% - sin 9 - cos 9+
’1}’R S,

o2
C(Ayg, - Az) = [(r + aR) : (1 et et 8) + (7 2 0k) e_(#zﬁg)]
0_2 Q 9
X e”FH%) sin § - cos ¢ - sin 9 - cos I —ny, -1,

Appendix C

Let

AxRI = ng - CX[ = Ax(R - Axé‘l
AyRI = CyR - g)’, = AyCR - AyCI

be the error of the mixed detection data, we get

{ o = E{(Axgp)?|F, @,1§} — (E{Axg/|7, . 19}) —UXR + 03, —2 - C(Axg, Axy,)

o3, = E{(Ayr1)?|7. 9.9} — ( P.9}) =62, + 03, =2 C(Ay., Aye,)

being

{C(AXL:RAXQ) = E{(Axg, —ny,) - (Axe, —n,) |7, 0, 1?} = E{Ax¢, - Axg, |7, ¢, 1?} Nxg * My,
C(Ayg, Aye,) = E{(Ayg, —my,) - (Aye, =y )7, @, 9} = E{Ay, - Ay, |7, ¢, 8} —ny, - 0y,

Considering that

)

% A A
- (6% cos f + pyy sin fj)

2

E{r- yelp. 3z} =7 $r+ e - (o3 sin i+ p,, cos )
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by using the previous results we compute

2 2462

2

[ o

_L _8 2%
.-t
02 Q —(ﬁ+62)

-sin* ) - e~ 2%

%

:| . e—(ai+2-6§)

E{Ax;, - Axg |, 9,8} = [F- &g + (62 cos f + py, sin ) - e
X €08 ¢ - (cos ha? - cos? § + sin hol
+ {r g +2- (02 cos/}—i—pxy smﬂ) e
X cos ¢ - [cos h(2 - 62) - cos? § + sin (2 - 63) - sin® I]
o2 o2 02402
Feyr+ (03 sin f# + p,, cos f3) - e‘zﬁ} . (1 —e 7t — e‘z"’)
-sin? ) -

)
%9, 2
- (T*"s)
e
2

+ [r g +2- (o7 sin B + pyy COS ﬂ) e f} . e~ (04+20})

E{Ayg, - Dy, |7, 9.8} =

X sin - (cos hoy - cos® I + sin hoj

X sin ¢ - [cos h(2 - 63) - cos? & + sin h(2 - 63) - sin? I]

53 ”5]*”.%
l—e2—e72
9)

73)

Proceeding as before we get

C(Axg, - Aye,) = [r Xg + (07, cos B + Py sin ﬂ e” ]

X sin ¢ - (cos ho? - cos? d + sin ho? - sin

"’|\§~

and then the correlation coefficient py,, provided by

C[(Axg — Ax;) - (Ayg — Ay))] .

pry =
O-XRI ’ O-yRI
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