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Abstract — Over-The-Horizon(OTH) Radars provide a survey? Problem statement

of wide areas, using ionospheric reflections of the electromag- ) . .

netic waves. Most of the time they have to face multipath pro%\[e consider a linear dynamical target state model

lems: state estimation has to be done with measurements involv-

ing different observation models. To tackle this measurement-to- z(k+1) = Fra(k) +v(k) (1)
observation-model association problem, the Monte Carlo Data

Association (MCDA) algorithm, and a derivative one, the IteWherez (k) is the state (earth coordinates) at tifev (k)

ated Conditional Mode Data Association (ICMDA) have been dés a sequence of zero-mean, white, Gaussian process noise
veloped. They only applied in linear context. We propose nemith known covariance matrix)(k). FjpeR"=*"= is the
versions of these algorithms, well adapted to non-linear proleyolution matrix.

lems.Our two algorithms are applied, through numerical simu- At time k. a set ofu, radar measurementgy; (k) yjl
lations, to a concrete case: target tracking with the French OTH yetected. Each measurement originates from Orll_e of the
radar Nostradamus, in clutter environment. following models:

Keywords: Over-The-Horizon Radar, data association, MCMC, ha((k)) +wi (k) for model 1

tracking. ha(z(k)) + wa(k)  for model 2
. yi(k) = : : @

1 Introduction ho(z(k)) +wy, (k) for model n

clutter otherwise

Over-The-Horizon (OTH) radars perform long distance sur-
vey for wide areas using ionospheric reflections of electratherey; (k)eR™ and w; (k) is a sequence of zero-mean,
magnetic waves. The French OTH radar NOSTRADAMU®hite, Gaussian measurement noise with known covariance
offers two particularities: it is monostatic and it enablesiatrix R;(k). Furthermorew;(k),i = 1...n are mutually
elevation angle measurement. In order to handle thdsdependent and uncorrelated witlc). The number of
characteristics we propose two algorithms respectively ddutter detections in each measurement set is Poisson dis-
rived from algorithms called Monte Carlo Data Associatiotributed
(MCDA) algorithm and Iterated Conditional Mode Data .
Association algorithm (ICMDA) [1], both developed for pe(q) = %GXP(*)\V) q=0,1,2.. (3)
linear applications. ) ) .

The final purpose of OTH Radar NOSTRADAMUS iSWhereV is the obse_rvatlon volume aridl_s the mean num-
to estimate the target's ground coordinates (ground ran " of clutter detections per volume units. The clutter mea-

ground range rate, azimuth and elevation angle). It requi \yements are uniformly distributed ii. Each modgl
a measurement-to-model association: the observation e Tcep_t for clutter) g.enerates one measurement maximum
tions depend on the ionospheric reflection layer the me hich is coherent with the OTH-NOSTRADAMUS radar

sures come from. Furthermore ground coordinates estin? )servations: the algorithm can handle cases where several

tion involves non-linear observation equations. MCDA an@eas_u_remenys are gen_erated b_y each model but for sake of
ICMDA are then inefficient. So, we have kept the main ide%{mpl'c'ty we just restrain to a single measurement per tar-

of the method and built two algorithms taking into accou et case. .
non-linear problems my, IS the number of non-clutter measurements in
. _ ix
In section 2, we point out the problem statement. We déy”(k)}lzl’ i
scribe our algorithms in section 3. Results and comparison y1(k)
with previous algorithms are given in section 4 through nu- Y (k) = v2(k)

merical simulations. Section 5 presents an adaptation of the :
best algorithm to a more realistic case. Ypur, (k)



and ¢, the measurement-to-model association vector s@®. for eachk = 0,1, ..., N take (9) for the MCDA, (10)
thaty,(j) = | means thg** measure comes from model for the ICMDA
For a 3 measures set and 4 models:

2 & p( Yy, 9) ©)
; e palen) Q0
keVig;—q

meangy; (k) comes from model, y» (k) comes from model _
4, y3(k) comes from clutter. Fon models,y,, measures, 3. Setp = p + 1 and return to item (2).
mg non-clutter measurements, the number of possible as-
sociation hypothesis is 1 -1 —1

P \I’(ﬂpk) = {\111(37—)17@1(@11:1)\/} = {w(()p)~-~1/’l(cp—)1 l(cz—)&-l )wg\}f? )}-
nlpg! {¢r,i}7*, represents the whole set of association hypoth-
4 esis at timek. Applying Bayesian inference we get:
@ pa Y, 98).

ri(mi) = mg!(n — mg)! (pe — my)!

with m, =0,1,2..., v (p)
_ p(Y N |UE ) Pr(vy)

(p)
wherew;, = min(n, 111). Thus, the total number of associ- ~ P(¥k[ Y, U24) (Y x| 0@)
ation hypothesis is, = S¥ _ory,(my,). Finally we call PUYNTE =k
XN = {ze b il YN = {Vihilo and ¥ = {4y}, o p(YN|\I/£pl2,1/Jk>PT(1/Jk> (112)
One should considePr(y|¢Yr—1). But as this paper
3 Algorithms focuses on the computation &y conditional probability,
we only usePr ().

The MCDA gives a Minimum Mean Square Error (MMSE)

estimation of¥y knowing Yy while the ICMDA gives pronhosed conditional probability development  in
the Marginal Maximum A Posteriori (MMAP) estimate. qer to handle non-linear equations:

Both use Markov Chain Monte Carlo techniques through a

Gibbs sampler. P Y, W) o p(Y (W5 4 Pr(t)
Monte Carlo Data Association Filter:
The MMSE estimation o is (YN U®) ) = p(Yir [ B8 b )p(Ve Y1 O8) 4y
By = E(Un|Yy) (5) XP(Yir1| Yk, ‘I’(fz, Yi)P(Yiyo:n| Yit, ‘Ifip;37¢k)
A Monte-Carlo approximation of this relation is with P(kaﬂ‘lf(ﬁp;gﬂ/)k) = p(qul‘I/fffl) independent
i from 1. Furthermorq;(Yk+2:N|Yk+1,\I!(f),wk) is also
- 1 (») independent from);,. Measurement and Dynamical equa-
Uy~ 5 > wy ©®) .
— o ions give
pP=Ppo
where P is the total association random sequence Vit = hwyg“ (Zh+2) + Whe2

length, po the number of initial discarded samples and

()
\I/N ~ p(\IJN‘YN)' Tpio = Fapi1 + vpga

Iterated Conditional Mode Data Association Fil- Knowing Y41, zr41 depends onlyow,i’j:ll).Thus,
ter:

MMAP estimation is P Y n, U2 o p(Yieg 1 [Yi, ) ahy)

2 (p)
Uy = argrr\ll,axp(‘IJN|YN) ) P(Ye| Y1 W2, o) Pr(vy)
N

which becomes

. P Y 5, 5 o (Vi [ Y, U, WD)
Uy ~arg max  p(UP[Yy) 8 (p)
\IJS\’;);p:L.P p(Yk|Yk-—1\I/k )PT’(@/}]J (12)

with Monte-Carlo approximation

where¥'?) ~ p(Wy[Yy). Both algorithms use the fol- P(Yira [ Y, 0 40 1) and p(Yi|Yi_1¥{”) can be
lowing step sequences: deduced from two consecutive iterations (at timeand
o . k + 1) of an extended Kalman algorithm [2].
1. Pick the initial associationsl)) = {¢(”}N_ (ran-
domly or deterministically). Sei = 1



Algorithms procedure: SIM 1 (linear models):

1. Pick the initial associatioﬂlg\?) and sep = 1. x1(k) i 0 x1(k)
hi =
o . z2(k) 01 w2 (k)
2. initialise the Kalman recursiof_1, Pyj—1, k=0
SIM 2 (non-linear models):
3. for each data-to-model association hypothésjsi =
1...m run two consecutive iterations of a Kalman fil- b x1(k) | ixap(k)+2 x4
ter: “\ [ z2(k) |) | cos(z2(k))

fromay 1, Pe—1jk—1, ¥r = Hi, w,ﬁ’i‘f) compute:
. . We take\V' = 3. All algorithms are initialized with the
(@) Zkjk—1 5 Prjp—1 5 Toa1j ANA g same¥(®) and are performed on the same data sets (with
(b) p(Yk|Yk,1\D§€p)) — N (Yi; b (Zik—1)» Sk) N = 600). For the (NL)MCDA the chain lengtt? = 6.
(Yeur|Y ) w(p_l)) _ The Root Mean Square Error (RMSE), the average rate
PRk R B Pr of correct data-to-model associations, the relative execution
N (Yiaq; hwiiil)(j’““‘k)’ Ski1) times are given in table 1 for linear models and in table 2

for non-linear ones. NL is put for Non-Linear.
with S, = R+ Hwkpklklefm and

Sp41 =R+ Hw’ipfnPkH\kH;(p,l) SIM 1 MCDA | ICMDA NL- NL-

i R MCDA | ICMDA

(c) normalizep(vi|Y n, ¥P)) fori = 1., RMSE 0.26 0.18| 0.24 0.18
correct

4. For the NL-MCDA algorithm: generate a sampl€” | associations 81.2%| 83.3%| 81.6%| 83.2%

For the NL-ICMDA algorithm: set)\”’ as the most | Time 1 0.92 19 117

likely association Table 1: Results on linear models of sim 1. Computed over

5.run a Kalman iteration usingy\”, & 151, 50 independent runs.
P;_1)x—1 and store the resultingj, 1, Prjx—1, Tr|x
and Py ;.. Setk = k + 1 and return to item (3).

SIM 2 MCDA | ICMDA NL- NL-

6. For the NL-MCDA algorithm ifp = P calculate (6) MCDA | ICMDA

elsep = p + 1, return to item (2). RMSE 120 116 0.47 0.56
For the NL-ICMDA algorithm if®'?) — w{?~") end, | correct

elsep = p + 1, return to item (2). associationg 3% 6% 85% 86%

Time 1 1.21 1.92 1.7

4 Numerical simulations Table 2: Results on non-linear models of sim 2. Computed

We first give results on simple models to show the impr0v8yer 50 independent runs.

ment performed by our algorithms. Then come OTH Radar . )
Nostradamus simulations: From those results we can point out that the new algorithms

are slower than the previous ones but provide as good re-
1. an example of results we can obtain with our algsults when the measurement equation is linear . It is obvi-
rithms ous that they are well-adapted to non-linear case.
We can notice that the NL-MCDA total mean time is
2. a comparison with two previous algorithms adapted early twice the MCDA, whereas the NL-ICMDA is only
non-linear context. This comparison is made in OTHhout 1.2 times the ICMDA: for MCDA/NL-MCDA, the
Radar Nostradamus context through simulated datayta| association random sequence length P was given the
same value: the new version is actually twice slower than

Results on simple models Fhe prev?ous one. Total execution timg for the NL-ICMDA
SIM 1 is a set of linear models and SIM 2 is a set of nonS Not twice the ICMDA one because it is generally_fasterto
linear ones: converge: those results show that the NL-ICMDA is slower
to compute but faster to converge.
z1(k+1) x1(k) v1(k) We can also notice that ICMDA algorithms results are
Th= { zo(k +1) ] =F [ o (k) } + { vy (k) } better than MCDA ones. For these simulations the value

of the total association random sequence length P in the
y1(k) x1(k) w1 (k) MCDA was chosen to give nearly the same computation
Y = { yo (k) } =l ({ o (k) D + { wo (k) } total time as the ICMDA: if we had set P higher, these
results would have been more similar (note that we do not
whereh; is thei** model. The noise covariance is differenpropose a method to choose P: as NL-ICMDA results are
for SIM 1 and SIM 2 but is the same for all models of thenore adapted to our objective we are not faced with this
same set. problem).



Results on OTH-NOSTRADAMUS radar numeri-
cal simulations
For its good performances and its convergence speed we

choose the NL-ICMDA rather than the NL-MCDA. 20001 g z
We have to consider a target probability detectibd & - 100 ‘\ 5

0.9). We simulate a five-layered ionosphere which turry B

into five potential propagation models. We assume to kncs /'y £

all its true parameters. On Figs. 1 and 2 we show the 15 —1o00) g

sults of two simulations, the first one with three propagatic§ §

paths and the other one with a single propagation path. & % 200 a0 oo O 200 40 500
When considering a known ionosphere, the NL-ICMD/ Time (seconds) Time (seconds)

gives more than 90% correct associations and so the st oo 005

estimation algorithm provides accurate estimates of t@ oo -

target’s state (ground range and rate, azimuth and elevat £

angle). These performances are not achievable withe o £

simple ICMDA. i g

Comparison with previous algorithms usable in 004, 00 o w0 0% P o w00

non-linear context Time (seconds) Time (seconds)

We compare NL-ICMDA results to those of MPDA [3] and_. . . . i .
EMDA [4]. Like the NL-ICMDA, the EMDA estimates Fig. 1: State estimation errors in multipath environ-
Uy. Itis based on an EM algorithm. The MPDA is ariment. Estimates are based on the association (propagation
online algorithm which directly estimates ground coordfodél/measurement) given by the NL-ICMDRd = 0.9,
natesXy = E(Xy|Yy). This expression is developedthe target comes toward the radar. Its initial position is:
on every possible data-to-model association. The thrd@muth 129 degrees, ground range 1,350 km. .Its ground
algorithms are applied to OTH Radar Nostradamus throulfi’9€ rate is 120 m/s. Errors are solijo confidence
simulations. The setup remains the same as previouéﬂ}.ervals are dashed. There are three elevation angle mea-

Results are given in Table 3. surements (called sites) because in this example there are
Remark: because of the structure of MPDA it is a nori?"€€ Paths (each one has obviously the same ground range,
sense to give the correct association percentage. ground range rate and azimuth but a different elevation an-
gle measurement).
2000\ 2
Algorithm MPDA  EMDA NL-ICMDA o] )
RMSE 858.4 347.70 333.11 S
Time 1.0 4.99 4.62 0 o T TS

-1000) / -1

Table 3: Ground range RMSE and total mean time cor
puted over 50 independent runs.

Ground range error (m)

-2

Ground range rate error (m/s)

—2000
0

200 400 600 0 200 400 600

The main interest of the MPDA is its low computationa
complexity. Better results are obtained with the EMDA an -
the NL-ICMDA.

NL-ICMDA algorithm has higher performances than thi
EMDA. Computational time of one iteration of the NL-
ICMDA algorithm is slower than one of the EMDA algo-
rithm, but it needs less iteration to converge so that fin 005
mean time is in favor of the NL-ICMDA. ’ oo e ° oo e 8

Time (seconds) Time (seconds)

0.05

Azimuth error (rad
Site error (rad)

5 Data-to-model association with unknown Fig. 2: State estimation errors for a single path.
model parameters Estimates are based on the association (propagation
model/measurement) given by the NL-ICMDRd = 0.9,
To finalize the adaptation of the data association algorithie target comes toward the radar. Its initial position is: az-
to the OTHR NOSTRADAMUS, we need to consider thainuth 120 degrees, ground range 2200 km. Its ground range

model parameters are not known but only approximategte is 120 m/s. Error are soligs3o confidence intervals
lonosphere profile parameters are indeed deduced frape dashed.

ionosphere measurements called ionogram. An ionogram
is performed by the radar every thirty minutes. An ap-
proximation of ionosphere profile parametef) (is then
deduced.



Feeding our algorithm with approximated ionosphere pa- Then we tried a first adaptation to a more realistic case:
rameters leads to poor results (the percentage of correctdata-to-model association with estimated model parame-
sociation decrease to approximately 30%). To tackle thisrs. Again, results are encouraging.

problem we propose to calculate:

The main drawback of this method is its computation

complexity. But the special ionosphere properties allow ap-

Uy = argmaxp(Uy|Yn,I)
NN

(13) proximations. The final algorithm is still precise but faster.

More details will be given in [5].
rather than (7).1 represents the previous measured iono- Future works will focus on developing state estimation

algorithms enabling estimated model parameters.
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gram.
Thus equation (10) becomes
P =arg  max_ p(¢r|Yn, 05 T) (14)

As

[2]
Pl Yoy, 0. T) = / p(Ux]Y n, 9% 1, P)p(PT)dP

3]
whereP is the profile parameters vector, we have the foﬂ-
lowing approximation:
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1
PORY N, WD) ~ 7 37 p( Y WL L)
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(5]
whereP (™) ~ p(P|1).

We supposep(P|I) = N(Po,>.,). Po and ), are
estimated using ionogram inversion techniques.

Examples of results are given on Figs. 3 to 6. Simulation
setup is still the same as for Figs. 1 and 2. Estimated profile
parameter$, and the related covariance mathx,, come
from estimations based on realistic synthetic data. For our
simulation we set theeal profile P = Py + diag(\/> ).
Results of this simulation are given on Fig. 5 for the target
located at 1350 km of the radar and on Fig. 6 for the one
located at 2200 km. Figs. 3 and 4 give the results obtained
with the simple NL-ICMDA described in section 3.

The tracking algorithm following the data-to-model
association is a simple extended Kalman algorithm based
on thereal profile.

Results are very encouraging: the percentage of correct
associations is nearly the same as in section 4 (known pa-
rameters). The main drawback of this method is its high
computational complexity. In [5] we propose some approx-
imations and a method which enable a sequential interpre-
tation of this algorithm.

6 Conclusion

In this paper we proposed two algorithms: NL-MCDA
and NL-ICMDA. The method is the same than the MCDA
and ICMDA: MCMC approximation to estimate data-to-
model association, but their development enables non-
linear problems. They have a higher computational com-
plexity per iteration but other tested algorithms converge
slower (MCDA, ICMDA, EMDA) or are less precise (par-
ticularly the MPDA algorithm). For these reasons the NL-
ICMDA seems to be the algorithm to use to track with the
ionosphere dependant OTH-NOSTRADAMUS radar.
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Fig. 3: State estimation errors in multipath environ-
ment(three paths). Estimates are based on the assoEig- 5: State estimation errors in multipath environ-
tion (propagation model/measurement) given by the Niment(three paths). Estimates are based on the associa-
ICMDA described in section 3. The covariance error igon (propagation model/measurement) given by the NL-
centered on zero. As the algorithm does not take into d&MDA based algorithm described in section 5. The co-
count that model parameters are estimated, the percenteggance error is centered on zero. The percentage of cor-
of correct associations is about 30%. It involves a bias ofct associations is approximatively 85%.
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Fig. 6: State estimation errors for a single path.
Fig. 4: State estimation errors for a single pattEstimates are based on the association (propagation
Estimates are based on the association (propagatinodel/measurement) given by the NL-ICMDA based algo-
model/measurement) given by the NL-ICMDA describedthm described in section 5.
in section 3.
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