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Abstract— A map-aided navigation method for positioning at As an alternative to satellite navigation it is possible s& u
sea is proposed, as a supplement to satellite navigation basederrain information together with sensor information fram
on the global positioning system (GPS). The proposed BayesiandiStance measuring equipme@ME), such as a conventional
navigation method is based on information from a radar and . L .
information from databases. For the described system, the rqdar. By comparlng the terrain Informatl'on' erm a database
fundamental navigation performance expressed as the Cragr- With the received DME measurements it is in many cases

Rao lower bound (CRLB) is analyzed and an analytic solution as possible to get an accurate position estimate.
a function of the position is derived. As a solution to the recursive

Bayesian navigation problem, the particle filter is proposed. In II. NAVIGATION MODELS

an extensive Monte Carlo simulation performance equals a GPS

system, In this section the model used for surface navigation is

presented. The system dynamics and the measurementmelatio
Index Terms—Sea navigation, Particle filter, Cramér-Rao gre discussed.
lower bound.

A. Motion Model

Depending on the configuration, different sensors can be
used, such as speedometers and accelerometers. Hence, the
ODERN sea navigation systems are often based orotion can be modeled using as many position derivatives as
satellite information from thglobal positioning system desired. Here, only longitudinal and lateral motion is ¢dns
(GPS). For critical navigation applications, this sensamrot ered, where the speed is measured. Consider the following
be the only positioning sensor. In military applications, astate variables: Cartesian positioX,(}"), and crab angley,
independent backup sensor insensitive to GPS jammingtligit is the angle between the velocity vector and the stem of
preferable. Even for civil applications the robustnessirega the ship,
jamming may constitute one of the main design issues in the S (X v, § )T (1)
future. In [1], [2] the problem of intentional or unintential ¢ Eoot B
GPS jamming is discussed and alternative backup systeassdepicted in Fig. 2. The following discrete time model with
are strongly recommended. This is discussed further in [$kmple timel" is used for the navigation system

I. INTRODUCTION

where both bathymetric and celestial methods are described X, + v, Tsin(py — ;)

as alternatives to GPS navigation. At sea, the satelli®asig ;| — (2, u,, w,) = | Vi + v/ Tcos(pr — &) | +wy,
is often received without problem, since there is a free-line 5

of-sight to several satellites. However, under severe lvegat )

conditions, such as ice-building on the antenna, or duedo th -

landscape geometry, or a system failure, GPS signals may with input signalu, = (v, ¢: 6; ¢) , consisting of

be available. speedy,, compassy;,, elevation angled;, and azimuth angle,

¢, relative to the ship’s stem. The sensor azimuth angle,

and elevation angld),, are not present in the dynamic model,
but will be used in the measurement relation described in
Section II-B. The process noise,, is considered independent
and describes the model uncertainty. Note that here, therkno
input signal is in practice values obtained from sensorsidde

if they are considered as noisy measurements, the process
noise will also describe the uncertainty in the inputdlis
negligible or known the model simplifies even further to only
position states. More advanced dynamic models can also be
used, for instance a coordinated turn model, which was the
case in [4]. For an overview of possible motion models, see
the survey in [5].

Fig. 1. The surface navigation with a radar sensor and a sama database.



Yp Also, the Laplacian forg(xz,y) with x € R",y € R™ is
N

defined as
Radar ..

ATg(z,y) = Vy(Vaeg(z,y)", g : R* xR™—R.  (5)

. Xp The theoretical posterior CRLB for a general dynamic
' system was derived in [7], [8], [9], [10]. The general state
E space model can be used to derive fundamental limits for

navigation performance. In many applicationsjs small and
can be discarded from the analysis, or it is known. Hence, for

Fig. 2. The ship with compass angje defined from the north direction the CRLB analysis the following simplified model is used
(N), together with the ship’s body coordinate fram€ g, Yz), crab angle,

velocity v and headingp. The radar lobe is given with azimuth angteand — 6a
the ranger = r(X,Y, ¢7V), where¢?V = ¢ + ¢. Ti+1 = Ty + U + Wy, . (6a)
yr = h(we,up) = r(xe, ¢y ) + e, (6b)
where the horizontal position state vectof, € R?, and the
B. Measurement Model input signal,u,, are defined as
For the surface navigation the range to land objects is (X (v sin(gy) 7
measured by a radar sensor, (DME). Hence, the measurement =y )T cos(pt) )’ (7)

relation is given o . .
elation is given by assuming independent additive process naise The obser-

yr = h(ze,up) + ep = r(xg, oY, 0;) + e, (3) vation re_Iation cc_)nsists of range mgasureme_nts vyith measur
_ N ment noisee;. Using standard notations, consider independent
where r(xz;, ¢y, ;) is the measured range from position noise sources, with varianced; = Cov (w;) and R, =

and with the sensor azimuth anglg)’ = ¢; + ¢, relative to  Cov (e,), the posterior CRLB for filtering can be written as,
north. The radar angle is defined in Fig. 2. [9]

1
Pl = Q7 + Jen = ST (PR + Vi) S, (®)

C. Navigation System
In Fig. 3 the complete surface or underwater navigatioMhere
system, together with way-point calculation and auto pilof;, — g (— A log p(zss1|ze)), Qi =E (—AI* log p(aesa]a))
is depicted. Depending on the application, one or more of t@e o1 @t
_ e =E(—Az 1 D)), Jo =E(=AZ 1 ,

presented sensors are available. For surface navigatien, t ( " logp(aeler) ( ogp(yiler))
GPS signal can in many cases be the prime navigation sensahere the bound is given by

where the estimate from the map-aided navigation method can ) . 7 9
be used to monitor performance. The main objective in this ~°V (w0 = @12) = B ((2r = &10) (20 = &a) ") = Pys (9)

paper is to analyze the map-aided navigation method, hengghe model in (6) is considered with Gaussian process noise

the GPS part is not further discussed. it gives S, = V;, = Q; '. Hence, given the true trajectory for
the state vector the posterior bound can be calculated.
I1l. THE CRAMER-RAO LOWER BOUND (CRLB) In order to analyze the performance, without performing

Th in obiective in thi tion is to find fund i ny simulations, a local analysis of the dynamic system is
€ main objective In this section 1S 1o find fundamen ?nducted. The assumption is that the covariance shoutth rea

limits for the estimation performance expressed in terms Qstationary value, i.e., consider a paifitand assumé(z) —
the system properties, for instance as a function of the meg- N

— . 0 i
surement noise or the information available in the sea ch i?gsfsléﬁ)pﬁoﬁ%(gi fgrisa gc?sz:i)clz :QiqtiainxaLZ;brzzgg
The Cramér-Rao lower bound(CRLB) is such a characteristic P(x). This is done b)} applying theatrix inversion lemma
for the second order moment [6]. This is done considering a
static and dynamic case respectively. In the first case, tely (A + BCD) ' =A™ — A'B(DA™'B+C~')"'DA™,
measurement model is considered. In the second, the camplet (20)
system dynamics is analyzed. The idea in this section is to, _ )
perform a local analysis in each point in the sea chart and J&8"9 A=QB=D=7TandC = P(z), whereT is the

that to analyze the global behavior. identity matrix. This gives

In thg sequel, fche CRL.B analysis is heav_ily based on P lz) = (P(m)+Q)_1+J(:E), (11)
expressions involving gradients of scalar functions ortmec
valued functions: Solving for J(z) and applying the matrix inversion lemma
90 Ogm again withA = B= D = P(z) andC = Q! yield

ox1 oz
. : , g:R*"—=R™. (4) J(z):pfl(x)—(P(:c)+Q)71:

Vl'gT(m): : :
o ... Y= (P(z) + P(2)Q " P())
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Fig. 3. The complete navigation system, used in the applicatio Section V, consisting of a way-point unit, a contrgliéte sea chart database, the
estimator and various sensors. The reference is given byesieed headingy e and the estimated heading is givenwas= L(Z¢, ut).

Hence, ifJ is assumed invertible, then The Bayesian estimation problem is given by, [11],
P(I) + p(I)Qilp(I) - J(I)il =0. (13) p(SL’t+1|Yt) = / p($t+1|$t)p(1't|yt) dl’t, (19a)
. . R™
Completing squares gives - %
p(@e]Ys) = p(yt|ze)p(@:] t—1)7 (19b)
p(ye|Yi-1)

_ 1 _ 1
P -1/2 4 1/2) ( -1/2p +Z 1/2)
( @)@ 2Q @ @) 2Q wherep(z:41|Y:) is the prediction density ang(z;|Y:) the
filtering density. The problem is in general not analytigall

1
-1
=J@) ZQ' (14) solvable. To solve the non-tractable Bayesian estimatiob-p
Multiply with Q—1/2 from left and right in the expression lem in.an on-line gpplication.withgut using linearization o
Gaussian assumptions, tiparticle filter, [10], [12], can be
used. In Section V theequential importance samplin&|S)
version of the particle filter is applied.

(@ erwa e+ 1) (o opima-ve 1)

_ o 1
=Q V2 J(x)7'Q 1/2+11- (15) V. APPLICATIONS

Since all matrices are symmetric, a unique matrix square roo The navigation system is presented in Fig. 3, where the

can be defined. Hence, solving for the symmetric and positi§8iP is equipped with a radar, measuring relative distance
definite matrix, P(x) > 0, now yields to any land object. The sensor is assumed stabilized or that

the deviation angle is small relative to the uncertaintyha t
. 1 1\ rad To simplify the analysis, th d relative t
Q V2P V2 4 2T = (Q V21(2) tQ V2 + 27 ~ radar sensor. To simplify the analysis, the speed relative
2 4 ground and the compass angle are considered as input signals
(16) i.e., noiseless measurements, as described in Section 1I-A
Hence, the explicit solution to the Ricatti equation (11) is HOWever, this assumption is not necessary, and by introguci
12 them as states-variables in the model, these can be edlimate
5 1 _ 14— 1 Crucial for the positioning algorithm is a comparison of
P _ = 1/2 1/2 g 1 /2 21 1/2 _ .
(z) QQ +Q @ (z)7Q + 4 @ relative range measurements from the radar with expectet la
(17) areas from a sea chart database. This is done in a statistical
whereQ and J(z) are defined below (8). optlma_l way, using the particle f|_|ter. The map presented in
Fig. 4 is computed from a vectorized sea chart.
Since the speed is rather small compared to the radar

o ~_ _revolution, a complete radar picture can be processed fir ea
Navigation problems are often treated as Bayesian infgfiyq the filter is updated. In order to reduce the amount of

ence. The two map aided navigation methods descf'bedgassible range data, only a fixed numb@t)( of radar strobes
Section Il are described by nonlinear problems. Consider te considered each revolution. The radar produces magg ran
following general state-space model measurements in any given direction. In the algorithm, dméy

T = e, ug, wy), (18a) Measurement closest to the s_,hip is considere_d. _The database

— h(z) +e (18b) consists of a sea chart. I_n Fig. 4 the scenario is presented,
Y O where the ship’s true position and some radar measurements

wherez, € R™ denotes the state of the system,the input are depicted. Also, the probability density function forckea
signal andy, the observation at timeé. The process noise coordinate is given. As seen, after orilyrevolutions of the
wy and measurement noigg are assumed independent witlradar an accurate position is given. The initial distribotfor
densitiesp,, andp., respectively. LetY, = {y;}!_, be the the example given in Fig. 4 was uniformly distributed around
set of observations until present time. the true position;+800 m in each direction.

IV. RECURSIVEBAYESIAN ESTIMATION



sameless the map-aided navigation method equals or is slightly bette

- than an ordinary GPS based navigation system, when there are
T - sufficient returns from land objects. Also note that the pisak
due to a region when very few of the radar strobes (from the
downsampled radar picture) actually reflect any land area.
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TABLE |

- SURFACE NAVIGATION PARAMETERS

3000
2000

1000

o o Monte Carlo simulations 50
0 0.05 Process noise covariance Q = diag(102, 102, 02)
y[ml 0.06 Measurement noise covariance R = 102
004 Max rada}r meas./revolution M =16
’ Sample time T=1
] 0.02 Number of particles N = 50000 \, N = 10000
Radar interval Rmin = 300, Rmax = 6000
0 1000 2000 3000 4000 5000 6000 7000
x[m]
Fig. 4. The true position (0) and radar measurements (x), hegetith VI. CONCLUSIONS
the particle cloud. The marginalized pdf for thé andY directions are also

In this paper a framework for sea navigation using sea chart
information and a distance measuring equipment is devdlope
The navigation performance is analyzed both theoreticaily

In a Monte Carlo simulation study the scenario giveHSing Monte Carlo simulation;.A_n analytic CrarrRao Iower'
previously is used. A straight own-ship trajectory is used ound for the proposed navigation model has been derived.
all simulations with different measurement noise reakimat. N @n extensive Monte Carlo simulation the system reaches

However, theoretical studies based on (17), indicates tHf3PS Performance using only a radar sensor and the map-aided
any trajectory in the sea chart gives sufficient positioning@vigation method.
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