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Hidden Markov Model for Multidimensional
Wavefront Tracking

Monica Nicoli, Member, IEEE Vittorio Rampa, and Umberto SpagnoliMember, IEEE

Abstract—in subsurface sensing, the estimation of the delays reflectivity [4]. It is only recently that the multidimensionality
(wavefronts) of the backscattered wavefields is a very time-con- of the dataset has been exploited by integrating the differential
suming, mostly manual task. We propose delay estimation by ye|ays estimated for all the neighboring sensor pairs [5].

exploiting the continuity of the wavefronts modeled as a Markov Thi thod estimates th front aloball ith mini
chain. Each wavefront is a realization of Brownian motion with a IS method estimates the waveiront globally, with minimum

correlation that depends on the distance between each source/re-interaction during the manual interpretation step (except for

ceiver pair. Therefore, the delay profiles can be tracked with any target pre-windowing). However, the aforementioned method

known method by assuming that theorderedsequence of signalsis js based on the implicit assumption that the wavefront is a

described by a hidden Markov model (HMM). _ . single-valued continuous function. In some cases, as for the
Linear array provides the most natural data-ordering, and in - -

this case the tracking algorithms can preserve the target/tracker faulty arez?ls, this ca_n _be asevere dra_wback that is removed here

association. However, when measurements are multidimensional, 0y assuming a statistical model for discontinuous wavefront.

the volume-slicing strategies, that are able to get a linear array of ~ The multidimensional wavefront tracking problem can

(virtually) ordered signals, select the measurements independently he stated as follows. Lefd(x;,1) f\:l be a set of N mea-

of the target. When different estimates along slices are merged g\, ements, wherel(x;,t) is related to the source—receiver
mis-ties can occur easily. Since data-ordering is a main issue for _ .~ .~ 1 N) that i . v identified by the-di
irregularly positioned sources and receivers, we propose a region pair (¢ = 1,...,N) that is uniquely identified by the-di-

growing tracking technique that orders (for each specified target) Mensional sek; of spatial coordinatess( < 6 as there are
the data while tracking. The ordering is based on the maximum up to three spatial coordinates for sourdes, s, z;) and

a posterioriprobability of detection. Experiments based on multi-  receivers(z,., v., 2.)). The purpose is to estimate the delay
dimensional measurements show that this region growing tracking function T(z)(x) of the wavefront backscattered by tith
algorithm based on HMM preserves the target/tracker association. reflector from t%e knowledge of the signature and the statistical
Index Terms—Array processing, delay estimation, detectionand properties of the wavefront modeled as a correlated random
estimation, geophysics, hidden Markov model (HMM), horizon  ,.5cess The backscattering surfaces are assumed to have
picking, irregular sampling, multidimensional signal processing, fractal " 6 h th lati f the del
region growing algorithm, target tracking, Viterbi algorithm. ractal properties [6] where the Correa.'on 0 € delays
across the wavefront depends on the distance between each
source/receiver pair. The delay can be quantized in a set of
. INTRODUCTION disjointed states and the wavefront evolves as a Markov chain.

N SUBSURFACE sensing, the characteristics of the propl€ ordered sequence of signals is thus described by an HMM.
I agating medium are investigated by creating perturbatioﬁ§f}0rd'n9 to this statistical model, it is stralghtforvyard to
with a source (or an array of sources) and measuring with a R&timate(“)(x;) from the whole dataset by extending the
ceiver (or an array of receivers) the wavefield backscattered Pite-sequence tracking methods based on the HMM such as
points and/or three-dimensional (3-D) surfaces (or reflector&je backward/forward, Viterbi and detection/tracking algorithm
In order to improve the resolution, wideband pulse-like signalél- HMM algorithms have been considered recently by the
are usually employed. remote sensing community as a powerful processing tool for

In oil exploration, wavefront tracking (also referred athe integration of multiple measurements. For instance, the
horizon picking [1]) is carried out during the interpretatiorfl@ssification of unexploded ordinance [8] can be based on
stage. Anya priori knowledge of the structure and the stratigitS shape [9]. Extension from frequency-line tracking in [10]
raphy of the investigated area is of great help in the mani@ld [11] to the tracking of delays of wideband echoes has
interpretation of seismic sections. Algorithms based on prod2gen investigated recently fdri(z;, #)}, with » = 1 spatial -
bilistic data association [2] and neural networks [3] have be&#mnensions [7], as a generalization of the detection/tracking
proposed to aid manual tracking. Markov random fields ha@édorithm proposed in [12].

been proposed in deconvolution to add spatial continuity in The multidimensionality of the wavefront arises from the
complex arrangements of thé source/receiver pairs in space.
For instance, when the source location is fixed, and receivers
. . . _ are placed throughout in the space, we have a common source
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Seismic acquisiton [13]) is needed before attempting any association between the
crossing wavefronts and the target. The estimation of delay
profiles of backscattered wavefields and their association with

Array of the corresponding targets are time-consuming tasks that are
receivers (x,.y,) Array of carried out manually by heuristically exploiting the correlation
; sources (x,,y,) properties of the wavefront. The target/tracker association is

even more difficult when the source/receiver pairs are irregu-
larly positioned and/or their layout is sparse.

Extension of HMM for delay tracking fon = 1 [7] to
nonuniformly spaced source/receiver positions with> 1
is mostly limited by the need to order the observations into
a sequence of data so that the Markov model describing the

2950 state transitions contains informative priori probabilities.
1950

Data-ordering strategy should be designed so as to preserve
¢-th reflector y [m] x [m] the target/tracker association, even when the wavefronts are
(target) not isolated. To perform the data-ordering, sensor selection

cannot be carried out disjointedly from the target, as this does

3-D set of measurements: {d(xi,t) } ,Nz . not guarantee keeping the target/tracker association. Here we

propose to order the datahile tracking, by selecting those
i-thsensor o d(xi,t) ) Measurements that maximize theposteriori probability of
: a; detection. The selection is based on a region growing method
that let a subset of datfd(x;,#)}¥_; grow to include (and
track) a new daté(x;1,t) chosen from the neighborhood of
the subset{x;}* | already tracked. Multitarget is performed
iteratively as in [12] with a considerable reduction of the
computational complexity with respect to true multitarget
algorithms.

The paper is organized as follows: the problem definition and
the statistical model are described in Section Il; HMM and the
tracking algorithms are shown in Section Ill far= 1 and in
Section IV forn > 2 (region growing tracking). In Section V

xi = (xs’yr)

i

1000

x[m] % = ' the advantages of the multidimensional tracking are compared
s ¥y [m] [s] / with the slicing algorithm.
* }N
£-th wavefront {T (%)) fimi l. PROBLEM STATEMENT

The backscattered wavefield measured byithesenso(i =

Fig. 1. Example of seismic acquisition with sources and receivers aloRg N7} at space locatiow; is modeled as a combination of
two crossing lines (cross-spread acquisition). Each measureffientt) is . .
identified by then = 2 spatial coordinate; for the ith source/receiver pair. L« €choes with known signature(t)

The data volume is 3-D. From top to bottom: propagating medium (top), data

volume sliced along two axes with thigh backscattered wavefront® (x) Li 0 0
superimposed (bottom left), detailed view of the sigiat;,, t) in x; (bottom d(x;,t) = Z ¢ w (t -7 ) + n(x, t). Q)
right). =1

. : - For the echo associated with tfté targetp@ denotes the am-
a volume ofn + 1 dimensions (see the 3-D volume in Fig. 1). q & _ 0 i< the del F’ back dsi
Similar to [5], it is convenient to consider each measureme?llftu (e andr;” = 77 (x;) is the delay. For backscattered sig-

d(x;,t) as being virtually obtained by a sensor placed at locAalsc;” is scaled to the transmitted signature so *hﬁﬁ‘ <1

tion x;. Later in this paperx; will be referred to as the sensorn(x;,t) is the zero mean spatially and temporally uncorrelated
position. According to this arrangement, the delay functioBaussian noise with varianeg, the signal to noise ratio (SNR)
7((x,) is characterized by theyper-surfacén the(n+1)-di- is p = E, /o2 where E,, is the energy of the source signa-
mensional space (see also Fig. 1 for the case (z,,y,) and ture. The number of echods can change from one sensor to
n = 2). Remember that the wavefront is always associatélte neighboring one according to the number of targets and it
with a specific backscattering reflector that is the true targist assumed to be bounde@:< L; < L. The time-sampled

in the experiment. The association can be easily determirgignald(x;,t;) = d(x;, k - At) is arranged in a column vector

when the propagating medium is simple (or stratified as ; = [d(x;,t1),-..,d(x;,tp)]* . The discrete-time model (1)
Fig. 1) but it becomes less evident when the medium is mareduces to

complex. For instance, crossing wavefronts can be the result of L.

diffractions from the same target and, in this case, numerical d; = cf)w (Ti(é)) +n; @)

back-propagation of the backscattered wavefield (or migration —
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Fig. 2. HMM for delay tracking. From left to right: example of a set of unevenly spaced observtitws t)} ¥, for n = 1, each target (shadowed area) is
modeled as Markov chain (left); delayed signature and states of the Markov chain £t theday function including the zero-state (center); probabilities of state
transition (right).

where w (Ti(é)> _ [w (tl _ rfé)) W (tM _ T(é))r depgnds on the continuity of the target_s mod_elgd in Section Il

] ) as first order Markov chain. Even if this statistical model de-
are the M samples for the signature delayed bf and - scripes appropriately the delays for ordered and evenly spaced
n; = [n(x;,t), ... n(xi tu)]F The wavefront tracking gpservations (i.e., fon. = 1), we now extend the model to
problem can be stated as follows: given the setomfered 5y source/receiver arrangements by ordering the observations
sequence of observatiolky = [dy, ... ’l\fll\’] (seee.q., Fig. 2) [q,, ... dy]whiletracking, still based on a neighboring selec-
estimate the sequence of del 571([) for the /th target tion criterion. This is the key point in the extension of the delay

(¢ =1,..,L). This can be done 1) by pfgéerving the associatidficking discussed below for = 1 (Section Ill) andn > 2
between delays and target and 2) by exploiting ghpriori  &rray (Section IV).
information about the target continuity.

The wavefrontr” can be modeled as a random process IIl. HMM FORDELAY TRACKING (n = 1)

where the incremen’g(fr)l - TZ@ is Gaussian with variance ForonetargetL; < L = 1) andn = 1 the model (2) reduces
to a sequence of ordered observations
¢ 0\?2
Ui2+1,i = E |:(Ti(+)1 — Ti( )) :| = X(é)HXH'l — XZH (3) dz — CiW(Ti) + n; (4)

that depends linearly on the distance between the two sensihgre indexes not strictly necessary are dropped (everifl,
while the scaling factox (> depends on the target. For unifornthe reasoning can be reduced to the case 1 by windowing
wavefront sampling, the termﬁrli is constant'afﬂi — ¢2. the observations as sketched in Fig. 2). Tracking methods are

The delay function can be modeled as a generalized randbased on modeling the delays [14]. Herés modeled as a gen-
walk Ti(j—)l — Ti(é) + Ufé)’ Wherevfé) ~ N(0,52) is the driving eralized random walk where the variangg, ; depends on the
process. When sensor positioning is irregular, the driviripacing of the pair of sensors. The $€fx;,¢)}.L, is a first
process |3}z([) ~ N (0’ ai2+l z) . Sinceai2+l ; increases |inear|y order HMM (ShadoWed areain F|g 2) and is thus characterized
with distance (3), the delay sequence associated with the sdi@n underlying (hidden) Markov chain having a finite number
target is more reliably estimated when the distajice; —x;|| ©Of states and a set of random functions generating the obser-
is small, as thea priori information on target continuity, or vations. The complete specification of the HMM requires the
its Smoothnessy is informative for the de|ay tracking (S&’ﬁflnltlon of the set of states and the prObab“itieS for the state
Section I11). This is the basis of commonly agreed on heuristitansitions, the observations and the initial state.
criteria that relate the delays for neighboring sensors. )

Quality of delay tracking depends on data ordering. Thereds Hidden Markov Model
no a priori criteria to select the observations; data ordering is Let the set ofA/ + 1 states bél' = {15,7},...,Tx}, €ach
even more difficult when dealing with complex source/receiveronzero statd, (for k£ # 0) is associated with théth time
arrangements as in theD setx (n < 6). According to the interval as shown in Fig. 2;; = T}, denotes that the generic
model (3), an ordering of the observations based on the neiglelayr; € [t —At/2, t.+At/2) is quantized and is assigned to
boring selection criteria is preferable as the delay/target assdtj-regardless of its actual location within the time interval. The
ation can be preserved mostly by extrapolating the featuresusfion of the nonzero states is associated with the existence of the
the targets already tracked. The continuity property of the deladyackscattered echo at tith position: this is named hypothesis
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H,(x;) whereH; (x;) = {Ti e Uﬁil Ty ¢, note thaty k& # h, The specific application considered in this paper requires an
itis T3, N T;, = 0. The zero staté, is included to allow target HMM with real-valued measurement vectods, € R, dif-
initiation and termination; therefore = T, indicates that there ferently from the HMM tracking methods usually proposed in
is no target at théth position. The null hypothesis is defined adhe literature where a finite number of possible measurements
Ho(x;) = {m = Tp}. are considered. Moreover, it is assumed that the observatjons

The delay function is described by the sequence of states &t& statistically independent. _The prebability de_nsity function
cording to the transition probabilities, . between each couple (Pdf) Of the observation associated with the stftes denoted
of statesh andk: ay, . = p[rit1 = Tx|r; = T3]. The transition by bx.(d;) = p[d;|m = Tx] and according to the model (1) is
probabilities involving the zero state= p[r; 11 # To|7: = 1]
andv = p[r,+1 = To|m; # Tp] denote the probability of target
4 { [; exp (p c 7@“@‘;’%) - cfg) , k#0 )

initiation and termination, respectively. By assuming that the bi(d;) =
Fia k = 0

@
target initiation and termination are independent of the nonzero
stateZy, it follows that ) o _

wherel’; is a normalization termpy.,(x;,7%) is the cross-cor-

apo=1—1 relation between measured ddtgand waveformw () delayed

7 9 by kAt as the most representative delayed signature for the
ULV k#0 stateT}.. The pdf of the measurement depends on the $NR
ano=v, h#0. (5) considered here as a free parameter. The amplitudan be

estimated (after tracking) according to the ML criterién:=
For the nonzero states the probability of transition from/ttie ¢y, (x;, T%) / Ew.

cell to thekth cell is computed using, ». = p[ri+1 = | = In the following, the set of parameters of the HMM is indi-
T3),Y h,k=1,..., M, that can be calculated according to theated with the compact notatidn= (A, B, =) whereB is the
Gaussian assumption for the driving process observation density set definedBs= {b:(-)}.

r—(At/2) V27O, 20’3+1,7¢ Either local or global optimality criteria can be adopted to
At < AL(k — h)2> track the optimum state sequer@g} Y ; given the set of HMM
pl-——"—"

~——ex (6) parameters\ (supposed known) and the overall observations
V2moii1

Dy = [D;,D;y1] . In the following part of the paragraph,
The above approximation holds whep,; ; > At; remember ]311\ IS Sp“;'”to two subset®); = [d;,...,d;] andD;;; =
also thatgy, 1. = grn. The(M + 1) x (M + 1) state transition [dig1,---,dn]-
matrix A = [ay, 1] is normalized along rows; thereforeh, k =

1) Local Criteria: If a local criterion is assumed, the se-
1,..., M the global transition probabilities;, ; are obtained quence is composed of those statethat are individually most
from g5, ;. according the following equation:

likely given any specific subsé&?; defined below. For each scan
x; the delayr; is estimated from the posteriori probability

teH(AL/2) 1 2 ; :
- :/ exp <_(r th) )dr B. Tracking Algorithms
1

2
207‘,—1—1,7‘,

(1 —1)gn.r mass (or density) functiom; (k) = p[r; = Tx|D;, A\] according
Onk = —37 - (7)  to the MAP or MMSE criterion
> 9nj
i=1 Tilmap =At argmaxy;(k), 1<i<N 9
1<k<M
The truncation due to the finite number of time-cells can M
cause edge effects in normalization (7) and the diagonal At S kyi(k)
elementsz, ;. become dependent dn(unbalanced gate) [10]. 7| MMSE :@L’ 1<i<N. (10)
Wheno,1; > At the cells on the edge of the observation S (k)
window have the largest self-transition probabilities. This =

problem can be avoided by changing the normalization in ) , ) ) )
(7) according to [11:ans = (1 — v)gra/g where The Detection/Tracking Algorithm (D/TA) [12] is based on this

M . T local criterion withD; = D);. The optimum sequence is the one
Jmax = MAXLZ1 {Zﬂ':lg"’j}' This solution implies that .t each location;, maximizes the posterioriprobability
E?io an,; < 1, 1.e., there exist further states never occupiegf the delay given the signals measured up to the specified lo-
by the chain. Note that the transition probabilitigs, ..} do cationx;: v;(k) = p[r; = T3|D;, A]. From Bayes’ theorem the
not depend on the SNR of the data as they model only th&osterioripdf in X;41 can be written as
variability of the wavefield across the sensors.

The initial state distribution is defined by assigning foe= Yit1(k) = piv1 pldiv1|mit1 = Ty Al p[Tig1 = T| Dy, A
0,1,..., M the set of probabilitiesr = {7}, wherer;, = (12)
p[m1 = T3]. The choice of these probabilities depends on thehere ;41 is a normalization term fory; 1 (k): Zﬁio Yit1
application. For instance, the chain can be forced to start frdi) = 1. The conditional pdf of the observatidn(d;+1) =
the null stately: 7, = aex. Alternatively, if the delayr(x1) is  p[d;41|7+1 = Tk, A] is obtained as described in Section IlI-A,
known to ber; = T;, thenitism, = 1 andm, =0V &k £ h. while thea priori pdf p[r;+; = T%|D;, A] can be calculated
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TABLE | as this signal is representative of the waveforms used in applica-
TRACKING ALGORITHMS BASED ON LOCAL (DETECTIONTRACKING tions related to subsurface sensing (hEJJe: 4 samples) The
ALGORITHM) AND GLOBAL (BACKWARD—FORWARD AND VITERBI . . L
ALGORITHM) CRITERIA target is properly detected and tracked even if the initiation and
termination probabilities are set to values that make the delays
INITIALIZATION RECURSION discontinuous across the space locations.

2) Global Criteria: In global criteria methods, the whole set
of available measuremerils = Dy is taken into account. The
optimum sequence of states is obtained by maximizingathe
posteriori probability v;,(k) = p[r = Tx|Dy, A] for all the
measurement® ,. This maximization can be carried out on
a scan by scan basis as for the Backward—Forward Algorithm
VA | 6 (k) =mb(dy) Bisa () = be (dir) max {8 (B)anx} (BFA) or py seqrching the optim_um sequence of states as for

- the Viterbi Algorithm (VA). Sometimes (see e.g., [15]) the BFA
G(k) =0 Giv1 (k) = arg max {6: (h) anx} is considered a local criterion because it locally maximizes the
_ term~; (k). However, we want to stress the fact that all the mea-
surements need to be processed to obtgih).

The a posteriori pdf v;(k) depends on both the backward
probabilitiesw; (k) = p[D;, 7z = T |A] and the forward proba-

M
D/TA | v (k) = prebr(di) | g1 () = pig1 bk(dz’+1)h2 anrvi(h)
=0

BFA | a1 (k) = mibe(dy) iy1 (k) = br(dis1) :ZO ai(h)an

By (k) =1 Bi(k) = hij:o o bp(div1)Biv1(h)

e bilities 3;(k) = p[Dig1|ri = Ti, A]
SNR=12 dB
— : ilk) = M"‘(’“ﬂ fork=0,... M. (13)
B 20 e e > ai(h)Bi(h)
5ol e e - ] =0
- ‘ég [~ D/TA estimated target o In the BFA, each of the probabilities can be calculated recur-

sively, and separately, by starting from the beginning and the
end of the dataset (see Table |) in a fashion similar to the D/TA.
Both the D/TA and the BFA estimate the most likely delay

at each scan regardless of the sequence of states, hence the
resulting target could be far from being plausible. This easily

x, [samples] occurs when multiple targets get close to each other (e.g.,
Fig. 3. Example of single target D/TA estimation. From top to bottonpelow the time-resolution of the signatuzg)) and tracked
observations (top) generated by an HM8NR = 2 dB,9 = 0.1,» = 0.01, targets jump almost without control. This inconvenience is

i1, = 1.6,¢; = 1, M = 128]; estimated delay function (MAP criteria) compensated by the VA [16] that estimates the optimum state
compared with the actual one (center) [the parameters of the Markov model are

20 40 60 8 100 120 140 160 180 200

known to the tracker]; the estimation error (bottom). sequence by maximizing[ry, 7z, . .. TN Dy, Al or equiv-
alently p[7y,79,...,7x5,Dx|A]. In practice, at theith scan,

the optimum state sequence is the one that having the delay
7, = T3 maximizes the joint probability of the state sequence
and the measurement 98¢

from thea posterioripdf for the previous space location by
the transition probabilities of the Markov chain

M
plrig1 = Tx|Dy, A] Izah,kp[ﬁ = T13.|D;, Al bi(k) = Tl,rlz?éii,l{p[ﬁ’m’ o =T DifAl (14)
h=0
M The probabilitiesé; (k) can be calculated recursively as in
:Z“’L:Wi(h)' (12) Table I [15] and the functionsg;(k) keep track of the op-
L=0 timum state sequence. The algorithm stops when Aifta

Remember that for nonuniform sensor spacing, the transiti$ﬁratlon is performed7*(zy) = argmaxocy<pOn(h).
. : e optimum state sequence is reversely obtained for
probability a;, ;. from (6) depends on the distance between the . . .
' o : 1=N—1,:=N —2,...,i =1 from the backtracking equa-
two consecutive sensojix;1 — x;||. Substitution of (12) into .~ ., ~ .
) . : tion 7 = (41 (77,1). The delays are evaluated accordingly as
(11) yields the recursive procedure for the calculatiop,0t) as . . .
o . 7, = At - 7. The computation of the sequence for BFA and
summarized in Table I. The D/TA is a forward procedure, as th . 2 .
L ) ) requires aboutfV (M + 1)* calculations [15].
estimation ofr; is based only on measurements up toithecan
(D,), whereas the remaining observations from the- 1)th
scan up to the end are not taken into account. This makes the
algorithm suitable for real-time applications as the delay can beThe wavefield is obtained by sources/receivers placed almost
obtained directly at théth step without latency. An exampleirregularly in then-D space. Therefore, data ordering becomes
of D/TA is shown in Fig. 3 for a single targ€f. = 1) and the main issue in exploiting the efficient delay tracking algo-
SNR = 12 dB. The waveformu(t) is the second-order deriva-rithm discussed previously. Our aim is to order the scans dy-

tive of a Gaussian pulse;(t) = (1 — t2/12) exp(—t?/2T2), namically while tracking. LelR; = {x,...,x;} be the set

IV. MULTIDIMENSIONAL DELAY TRACKING (n > 1)
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Step1 R, =dR, ={x} Step2 R.=dR.={x,x.} Stepi R, =R Ux.}

il ;;'" I‘ql ﬂ-.'_'_f;-_.J Selected
'Iu' =-_I.--7"=h - transition

I"'.--{._:"EE‘-_:_-.— -___.-' L e - f .- e L L b ¥
Starting pairt | v(ar,) | ‘| viaR,) |

Fig. 4. Region growing algorithm. From top to bottom: first iteration (left); from the starting gain} the tracking grows into the poist. € V({x1}). Second
iteration (center) redefines the boundaiy{x, x> }) and selects one point with the largesposterioridetection probability. At théth step (right) the region
R: = {x1,...,x;} grows by the selection of the transitian — x;;; wherex; € OR; andx;+1 € V(IR;).

of the points already tracked at thih step,0R; denotes the o
boundary ofR;, V(x;) is the neighboring set af; for any

x; € JR;. The tracking grows by selecting from the neigh-
borhoodV(9R;) of IR, the next scad,; ;1 in x;41 that has the
most likely delay compared to the delays already estimated. The
cost function adopted for this region growing algorithm is based
on thea posterioripdf for the underlined HMM. Note that the
location ordering reflects the ordering of the tracking.

The choice ofV(9R;) is made to restrict the tracking to the
most likely subset where the target preserves its similarities with Growing path selected
the targets iR ;. Since the transition probabilities (6) depend on within R,
the distance between the two sensorsatheori information in aRi
the tracking algorithm can easily become noninformative when
the selection’(9R;) is far from any sensor iR;. In this case,
the delay estimation approaches the maximum likelihood esti-
mate. Any reasonable strategy for the selectior(@fR ;) based
on neighboring selection is equally valid, we propose the use of
Delaunay triangulation [17].

cmp

: S~

A. Region Growing Tracking

. . . . . . Modelled as
t
Details on the tracklng strategles are given by |Ilustrat|ng an Volume of observations considered HMM

example in Fig. 4, fon = 2 dimensions. Let us consider one up to the i-th step
starting poinix; , the initial setisk; = R = {x1 }, the neigh-
borhoodV(8R ) can be obtained from Delaunay triangulationfig- 5. Region growing tracking along a path for 3-D data volume,
A th d. with ) th lection i de ' = 2 (Zemp = (x5 + ,.)/2 is the mid point coordinate;,r = x; — 2, IS
mong the scandy WIth x;, < ({x1}) € Selection IS MAde yhe source—receiver offset). From top to bottom: 3-D data volume (top). DITA
according to thea posterioripdf as specified below. The newis performed (bottom left) fox ; — x.,, in order to assess theeposterioripdf
set now become®, = IR, = {X1 x2} and the neighboring of 7(x,.) given the sequence of observatidi3,. d,,] associated with the
. . ' growing path up tok,,, (bottom right).
pointsV(8R») are obtained accordingly.
At the ith step (Fig. 4) the algorithm searches for a further . . . .
: ‘ P (Fig .) d : whereD; is the sequence of observations associated with the
pointx;; € V(9R;) to include in the seR ;. For this purpose

thea posterioriprobability of detection needs to be assessed ft ffg:g?eg?;hpfha; s’:laor:z '::ait a:zd eesgr:lp t;‘rib;j aeth ?frié)tas Jal
any transitionk; — x,, from the boundary}R; to the neigh- 9. > !N 9 ’ P q

bOMIOOdV(0R,), ., 01 any(s ) with x; < 9T and 8, oo i e e S e e
Xm € V(x;). The new poink;, is obtained by selecting from P P y g

all the allowed transitions the one with the largasiosteriori present inx,,, (regardiess qf the delay) given t'he obs_ervatlons
probability {D,.d,.} up tox,,. The point selected by (15) is then included

inthe regiorR, 1 = R; U{x;+1} and the procedure is iterated

on the new boundargR ;. for the selection ok; .

Xip1 = argmax  p[H; (X,m)|D;, dum, Al (15) In this way every step is performed by making the regioq
X COR: X EV(x;) R, grow along the paths where the targets can be more easily
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Fig.6. Iterative region growing algorithm. From top to bottom and left to right: ) ] ]
iterations of region growing algorithm around a faulty area (same parameterdigs 7. Performance of HMM single-target algorithms in terms of RMSE
the example in Fig. 3). versus SNR(n = 1). RMSE for maximum-likelihood (ML) estimate is

superimposed as reference.

predicted according to tha posterioridetection criteria (15). 11
The algorithm terminates when the whole horizon has beene: 12
timated, i.e., whed = N, Ry = {x1,...,xy} andoRy is
empty.

Thea posterioriprobability in (15) can be assessed by mod-
eling the delay function along the growing path as an HMM
and then applying the D/TA to the set of observations associate
with the path (see Fig. 5)

M
p[Hl(Xrn)|Dj7 drnv A] = ZP[T(XWL) = Tk|D17 drn? A]
k=1
M M
= Y bi(dm) Y aniyi(h).
k=1 h=0

(16)

e 1S @ normalizing termy; (h) = p[r(x;) = T;,|D;, A] is the
a posterioripdf of the delay inx;.

In summary, the steps of the D tracking based on the re-
gion growing are the following: 1) search for the neighboring <=
points V(dR;) of the boundary ofR;; 2) evaluate the pos-
teriori probabilitiesp[H; (xx)|D;,dy, A] for all the possible
transitionsx, — x,, with x; € 9R; andx,, € V(x;); and
3) select the largest value, estimate the corresponding delay &
cording to any of the aforementioned MAP or MMSE criteria
(9-10), update the sef®; .1 = {R;,x;+1} anddR; ;. In this
way data ordering is obtained implicitly and the 1-D tracking & [ 1p(t=7,ID,2)
strategies previously discussed can be exploited. 0

This iterative approach has no proof of global optimality
even if the wavefront is estimated by collecting locally optimum x; [km]
selections. Neighboring selection criteria can be proved to be ' o _
optimum when estimates wih greater distances are obtaiffhj®, 470 [ T ea e iohine s lesd s onen ot sesr
from a sequence of estimates with shorter distances (see tF?éQnitial position of the target is given. From top to bottom: data (top); VA
Appendix). However, the region growing tracking has provesbtimate; BFA estimate; D/TA estimata;posteriori probability of detection
to be effective in estimating horizon with discontinuitieder the BFA (bottom).

(e.g., faults) or low SNR areas. If the horizon is connected in

the (n + 1)-D volume, the tracking grows along the largesivhen the transition occurs across a faulty area (see example
continuity paths that go around the discontinuities as ahein Fig. 6). Extension to multiple target can be employed by a
posteriori probability p[H1(x;)|D;, A] is usually very low recursive approach; see [12] for a discussion.
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Fig. 9. Acquisition geometry from the SEG-EAEG 3-D overthrust model. The data volume is shown in Fig. 10.

B. Region Growing Implementation are not reliable without the implicit memory given by the
rtracking algorithms.

Y The advantages of VA over others can be appreciated from a
' ~ comparison of the tracking algorithms over faulty seismic data
all the paths that end at the boundary, i.e, fgr € IR in Fig. 8; the data are sliced as common offset sections to have

andx,, € V(x;). The growing algorithm can be efficiently "~ . .
implemented by using a data structure based on the height-@aF 1 almost uniformly spaced data. In this case the HMM pa-

anced binary search tree (AVL tree) [18]. The selection igrmt?;ifinarz(ra;tslgla%teg f[o(;nBthLe d_at? I?ef’ (t)h; par_an(;e(;?rs used
x;+1 at stepi requires the evaluation and maximization of th 9 ’ =odb L= LU =1 U= 00

T . ) . =1.6,¢; = 1, M = 140, N = 701, the initial position of
I h all th o ’ ' .’ .
a posteriori probabilities associated with all the transition he target is known. The delay functions estimated on the base

x; — X,,(15). Therefore, the statistical information tha X o o i
needs to be stored for the growing is only that related to tﬁélocally optimum criteria (BFA and D/TA) show skipping be

points on the boundary and to the corresponding neighbotrvs\,’een different targets, for the BFA the delays show state tran-

the probabilitiesp[Hy (x,)|D;, dm, A] and thea posteriori sitions that are unlikely. Even if the VA preserve the association
probability v (k)p_ ;[77(7;( )[ T";’|D' d,,., A] (for the next between target and tracker, the extension to handle multidimen-
m - m - v 7 mo

growing steps). This information can be stored in an AVE'OnaI datasefn > 1) is computationally expensive. However,

: . xamples below show that the exploitation of the continuity of
ree as such a structure reduces the time of search, inser he target when considered globally from multidimensional data
and deletion operations tO(ln |0R;|), where| - | denotes 9 9 y

the cardinality of the set. Each node in the tree correspon"(]}?keS the problem of target skipping much less severe than for

. . n =
:gaiifnoulrr:qt %rf1 iEZ t;))cr)gggt?i:ﬁije;[ gz& t)r](]a)§e§rcr1):]l< %r|saltlhe The robustness of multidimensional tracking to track targets
m Jo e

the neighborsc,, € V(x;); the node data are the cost valueg\"thm the 5-D data volume from seismic dataset is considered

' L how. The experimental data comes from the SEG/EAEG
P (%m)|Dj, dm, Al and the pdfsy,, (k) for anyx,, € V(x;). 3-D Overthrust model [19]. Two different layouts for the

acquisition are considered, each leading to a partially-regular
source/receiver spacing. In the first example (Fig. 9) the sources
are arranged along two lines indicated herelas and Lo,

The performance of the tracking algorithms (D/TA, BFAsources along thd.;, line have double spacing compared
VA) are compared in Fig. 7 in terms of root mean square errtwr L,,. Backscattered wavefield from each sourcelin, or
(RMSE) of the estimated delays versus SNR (same HMI;., is recorded by three different arrays of receivers arranged
parameters as for the example in Fig. 3 without initiation aralong lines: L., L,3, L,5 for sources along.,; and L,.,
termination:» = 9 = 0). The tracking methods based onl,,, L,s for sources alongL,.. The received signals are
global criteria (BFA and VA) have similar performance whetime sampled withA¢t = 8 ms. Each source—receiver pair
evaluated around the threshold region (for SNR in the rangeidentified by the sek = (zs,ys, 2y, ¥:), Where(z,,ys)
—10-10 dB) and show meaningful advantages (approx. 3 @®Bd(z,,y,) are the spatial coordinates of the source and the
in SNR) compared to D/TA. For larger SNR, all the method®ceiver, respectively. Therefore, itis = 4 and the set of
have comparable RMSE and attain the Cramér—Rao bousttservations represents a 5-D data volutte;, ys, ., ¥, t).
(dotted line) as for the cross-correlation estimator (or maximulig. 10 shows the data volume and the D/TA estimate for a
likelihood estimator) based on the search for delay where thimgle wavefront (HMM parameters:= 4.6 ms,¥ = v = 0.2,
Paw(Xi, Tr) peaks. However, target initiation or terminatiorp = 12 dB). The estimated 4-D hyper-surface is shown for

The region growing tracking requires to store in memo
the a posteriori probability p[7(x,,) = Tk |D;,d,,, A] for

V. PERFORMANCE AND EXAMPLES
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Fig. 10. Estimate of (., ys, =, y~) from the 5-D set of signals measured by the source/receiver arrangement in Fig. 9. Each figure shows the delays of the
wavefront for the couple source line/receiver line gr= const andr,. = const.).

321 recaivars S the target/tracker association can be preserved by going round
prevveree————e | . the discontinuous areas and thus maintaining the association
11,5 [ ——— 8 kR in all the dimensions simultaneously. The values of the
i ¥ recaivers posteriori probability of detection for the three targets are at

araaaresnran T 312 sources  Ls the bottom of Fig. 12. The values are higher in the flat area (or

I ool e equivalently where the target can be more easily predicted from
11 3 ey Ly its neighboring points), lower around the faults and in the area
where the wavefront is increasing.

E; Another example from field data (2-D marine seismic exper-
X, Xg[lem] iment) is shown in Fig. 13, together with four steps from the
region growing tracking (in this case the data volume is 3-D).
Fig. 11. Acquisition geometry from the SEG-EAEG 3-D Overthrust MOde"Lhe regions grow from the seed points, thus filling all the faulted
receivers are arranged as 2—I_D array and sources are along a line (a 3-D su sef . . .
of the data volume is shown in Fig. 12). surfaces. Two slices are shown in Fig. 14.
By comparing the example in Fig. 8 with the same tracking
parameters it can be seen that the multidimensional D/TA pre-
i i i serves the association with the target, similarly to the VA algo-
fixed values ofy, and z, thus having the six 2-D surfaces

7(x,,9, = const,z, = const y,) corresponding to the SiX pomark- The Markov model can be used to describe the

pair source line/receiver line. The delay surfaces are close to Fgﬁdom component of the backscattered wavefields. This
horizons tha}t appear from_the slices of the sgismic volumes,a}%”es that any deterministic component needs to be compen-
are never misaligned on different targetfs, as it could occur Wh?&ted before tracking. Standard compensations (also referred to
tracklng_ls performepl separatgly on different subsets. Delaé(g moveout corrections [13]) depend on propagation velocity
are continuous as this dataset is far from the faulty area. 5 js known with a large degree of uncertainty. The accuracy
The example in Fig. 12 refers to the same SEG/EAEG 3-3 g compensation is not critical but it does improve the

Oyerthrust model but with a different acquisition ge,ometr?éccuracy and target/tracker association. In the examples shown
(Fig. 11). Sources are arranged along the linethe receivers here moveout corrections have not been applied.
along 6 lines.,.;—L..¢ to get a 2-D planar array. The 3-D subset

shown in Fig. 12 is extracted from the data volume by selecting
the linesL, and L,.;. Fig. 12 shows three faulted horizons
estimated by D/TA that closely preserve the association withinspired by the fractal description of terrains we have
the targets. Multidimensional tracking has the advantage tlmonstrated that the delays of backscattered wavefields

1.6

¥r. ¥ [km]

4 2 0 P 4 & @4 o 12 14 16

VI. CONCLUSIONS
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Fig. 12. Multitarget estimation by D/TA. From top to bottom: a subset of the 5-D measurement set is shown by extracting the reckjeatidehe source
line L, (offset is the distance between source and receiver) in Fig. 11 (top). Three faulted horizons estimated by D/TA are superimposed with thé dataset stil
preserving the association with the target. The cost function values of the region growing path are shown for each of the three targets (bottom).
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Fig. 13. Example of faulted horizon tracking for 2-D marine seismic experiment,(is the midpoint coordinate and ( is the offset). The estimated wavefront
for one of the targets of interest is superimposed on the 3-D data volume (here sliced only for visualization). Bottom figures: four snapshdty cfutfacs
for four region growing steps, the values of ta@osterioriprobability of detection are superimposed in color coding.
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Fig. 14. Common sourcgr..,, = 18 km) and common offset sectiorig.; = 200 m). From left to right: common source (left) and common offset (right)
sections from the dataset described in Fig. 13.

can be tracked by modeling the wavefronts as random pmhere&iww(t — 7) denotes the second order derivative of the
cesses(Brownian motion) with correlation properties thautocorrelation function. By assuming a diffus@riori infor-
depend on the distance of source/receiver pairs. The sequamedion, thea posterioripdf of the estimaté; is

of states of the Markov model can be tracked by any of the

known methods for the estimation of sequence of states. Even <_ (t— T)2>

X . . . . o p1 o< exXp 5 (18)

if the detection/tracking algorithm is based on a local criterium, 207

it is accurate enough for most practical purposes, and it does B

not need of both causal/anticausal scans for delay estimativrz)/ﬂnereo-f5 = —a2 /p.,(0) is the equivalent variance of the
In practical applications the ordering of the data acquirembnditional pdf (8) for the approximation (17). Two different
with irregular source/receiver positioning is not an easy tadkajectories are considered when starting frojrand ending in
Region growing techniques provide data-ordering, while the;, the variance of the@ posterioripdf is compared to assess
tracking of the targets is based on the local maximization (ahich of them is the most likely.

each step) of the posteriori probability of detection.Com- Case 1-3following the pathx; — x3, thea posterioripdf
pared to methods that slice the multidimensional dataset irtb7; is Gaussian with variance?, obtained by composing the
ordered sequence and then use sophisticated tracking strategiessterioripdf in x; with transition probability:

(e.g., Viterbi algorithm), region growing tracking based on

the detection/tracking algorithm maintains the target/tracker At 11 <1 1 ) (19)
association by efficiently exploiting the multidimensionality of oty 207+ 0’35 0’35 0’35 zZp+1

the measurements.

notice that we have used the fractal properties of the transition
probability; the term
2
APPENDIX p= % = —dhw(0) - Z_Q <0 (20)
In region growing tracking the estimation of the delays is ¢ "
based on the neighborhood selection criteria; a first order anialvelated to the waveform resolution.
ysis is proposed to support this strategy in a simple case withouCase 1-2-3following first the pathx; — x5 and therx; —
detection (i.e.7,, = (). We compare two strategies to reach thes, exploiting the same approach adopted before, it is easy to
point in x5 starting from a point irx; with or without transi- show from (19) that tha posterioripdf of 7> has variance given
tion into a neighboring intermediate pointi}. The alterna- by:
tives are summarized below as cases 1-2¢3— x» — X3
and 1-3:xx; — xs3. Without losing the generality, we assume L - 1 <1 + L) (21)
that ||x; — x2|| = ||[x3 — x2]| = 1 and the distance = ol o} p+1
%1 = X3/ € (0,2] (x5 is closer tax, for z < 1andxy, X2, Xs e thea posterioripdf of estimater; has variance given by:
are aligned in space far = 2). The delay associated with the
. —“ . 1 1 1 1 w2

observatiord; at each poink; is constant; = 7 (or deviations =+t ==3 <1 + 27> . (22)
are small) and the target roughness is described by the varianc@izz %12+ ¢ 9% Ye Pt 3+ 1
03+1,i = 02||xi11 — x||. For high SNR valuep and known Comparing variances (19) and (22) it follows that:
amplitudec;, the cross-correlatiof,,, (¢) in (8) can be approx- 0323 < ofg forl1 <z <2andv u
imated around its true value 2 —9
0393 < olzfor0 <z < landu > —1+

(V)

z—1
When distance: > 1, the preferred path is the one along the
Paw(t — T) =puww(t — T) + Pnw(t — 7) sequence of transitions; — x» — x3 instead ofx; — x3 as
1. ) this choice gives tha posterioripdf with the smaller variance
~=Ey + 50uwu(0)(t - 7) (17)  (and larger value). On the contrary, when the distaneel,, the
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