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Neural Networks for Improved Tracking
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Abstract—We have developed a neural network based upon
modeling fields for improved object tracking. Modek for GMTI
tracks have been developed as well as neural arobiture
incorporating these models. The neural tracker overomes
combinatorial complexity of tracking in highly-cluttered
scenarios and results in about 20 dB (two orders ahagnitude)
improvement in signal-to-clutter ratio.

Index Terms—Combinatorial Complexity, Ground Moving
Target Indicator Radar, Neural Networks, Multi-targ et
Tracking.

|I. INTRODUCTION

G ROUND Moving Target Indication (GMTI) radar
signals have been used for tracking since the 59d(:
When clutter is strong, so that signals are beldwiter,
detection and tracking is difficult. The Cramer-Raaound for
tracking [2] indicates that performance of the estaftthe-art
algorithms is significantly below the informationebretic
limit.

mathematical techniques. An early case was Bellshan’
discussion of the “the curse of dimensionality” .[3[he
following thirty years of developing self-learningathematical
techniques led to a conclusion that these appreacien
encountered CC of learning requirements. The reduir
examples had to account for all possible variatiohs‘an
object,” in all possible combinations with other jextis,
conditions, etc. The number of combinations quicgtpws
with the number of objects and conditions; say, ediom
complexity problem of recognizing00 different objects in
various combinations might lead to a need to lebpa'®
combinations; this number is larger than the numideall
elementary particle interactions in the entire liéé the
Universe [4]

Initially, tracking algorithms did not face combipaal
complexity [5], and simple track models were usédiman
filters revolutionized tracking [6] by providing éhpossibility
to use complex track models. However, Kalman flteere
designed for tracking single targets. For multifdegets in
clutter, radar returns had to be associated eitftarclutter, or

The current GMTI detection and tracking subsystemyith a track, and therefore association algoritimas to be

operates in a two-step process. First, Doppler pemle
detected that exceed a predetermined thresholdn8gethese
potential target peaks are then used to initi@eks. This two-
step procedure is a state-of-the-art approach whichrrently

developed. Multiple Hypothesis Tracking (MHT) [7% ia
widely-used algorithm which evaluates multiple hymEses
about how the set of radar returns are associatéd each
track, or with clutter. It is well-known, howevelg face CC

used by most tracking systems. The limitation ofs th [8]. To alleviate the CC of MHT, the Probabilistata

procedure is determined by the detection threshifldhe
threshold is reduced, the number of detected peakas
quickly. Increased computer power does not helmpbse the
processing requirements are combinatorial in teohghe
number of peaks, so that a tenfold increase imtiveber of
peaks results in a million fold increase in the uiezd
computer power.

The limiting factor for existing tracking algoritlemis
combinatorial complexity (CC) and not the absende
information in the data. CC has been encounteredesihe
1950s in various applications and was manifest vargety of
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Association (PDA) algorithm was developed [9]. Hoeg it
can only maintain tracks - it cannot be used toait@ tracks in
clutter.

Neural algorithms for tracking were developed based
Widrow's Adaline [10], a pioneering neural network
combining neural architecture and a model-basedctsire
suitable for tracking a single target. In thisicet a neural
architecture is developed for tracking multiple gts in
Qlutter, while avoiding combinatorial complexityhd tracker
is tailored in this article for GMTI data, and blibws the
neural modeling fields architecture described in [8

Il. NEURAL MODELING FIELDS FOR GMTI TRACKING

For GMTI tracking, in neural modeling fields thedxMF
[8], each input neurom = 1,... N,encodes four values: range
and cross-range positions of call(x, y.), and radar return
parameters amplitude and Dopp{ey, D,); we denotexX(n) =
(% Yns &, Dp). Every radar return is also characterized by time
t,. A set of X(n) we call an input neural field, it is a set of
bottom-up input signals. Top-down, or priming sigra these
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neurons are generated by models, a clutter-modkltrack- parameter equations are written using the follownagation
models, M, (S,n), enumerated by indekx = 1,.. H. Each for a standard neural operation of computing a lteid sum,
model is characterized by its paramet&s,In this paper we

consider targets moving with constant velocit(@s,, vy,): <.> = f(hln) (...). (5)

nl N
Mh(%an) = (XQ“I + Vxh tnv yq~| + Vyh tnv ah’ Dh) (1)
Using these notations, parameters are computedact e
These models predict expected positions of target® ijteration as
neural network compares these predictions to thea dad

generates parameter update signals as descriterd Néadel a=<a>. (6)
parameters§ = (x0,, vx, Y&, vy, &, D,) characterize "
position, velocity, average amplitude, and Dopptdr the YO< 1> +vy <t,> = <y >,
target, alsd, = vx. These parameters are not known and are Y0 <ty >, + vy, < tn2>h = < ; >, (7)
to be estimated through the internal dynamics ef RMF "
neural network. XO< 1> +VX <ty> = <X >,

. A n~ h

Interaction between bottom-up and top-down signials X0<ty>, +Vx (<t> +c<l>)=
. ) ) o nZp TV <=y
determined by neural weights. First, define sintjameasures =<> +c<D,>, (8)
n

between bottom-up signai§n) and top-down signals!,,

, s Here,c = x.*/ D, For the unknown parametes), and
(nfh) = (2)“(det Q) ™ . vy, (7) is a linear system of equations; similarly i8g two-
- exp{-0.5%(n) -M)C,~ (X(n) -M) }. (2)  dimensional linear system of equations %6r andvx . After
parameters are computed as above, standard desizdi®
Here we use a Gaussian function with the miéigrand a computed, as follows:
H : — A 2 2 2 2
diagonal covarianc&C, = diag( %", v, &, D,). Second,

compute neural weights, = it X7/ IT } + g (9)
f(hn) = r(h) (n|h)/ r(h) (n|h’). (3) Here, iia @and sng are initial and final values of standard
hT H deviation. The initial value is defined using stardistatistical

procedure [11] from all available data. The finalue is

Here ratesr(h) are the relative numbers of radar returnslefined by the radar measurement errors. The expiahe
associated with modéil. For object models we assume that dactor is defined so that at the end of iteratithesfirst item is
single radar return is received from each scans tisi small;i is the iteration number, arl@ is the total number of
compatible with a low setting of threshold for radagnal iterations; it is set from experience. UsuallyisitbetweenlO
detections. The number of radar scdqsds known, therefore, and 100 results are not very sensitive and few trials are
r(h) = k are known quantities. The clutter model we demgte sufficient. Number of tracks is also an unknownapaeter
h = 1, it is characterized by average amplitude, Dopmed estimated from the data. Here we describe a sipygleedure

rate, that we used in the example in the following settd/e start
with a larger number of track models than is atjuztpected.
M,(S, n)=(a, D)), r(1)=(N-HK)/N, (4) After every five iterations, if estimated tracksnu® closer to

each other than two standard deviations, one o tle
Model predictions are computed by modeling neuronsemoved and reinitialized randomly. After converger§ =
therefore the total number of neurons is the nundfedata IT), for each track we compute detection measuraeatts a
pointsN plus the number of modets local log-likelihood ratio computed using returnghin two
NMF neural network iterations [8] start with antial guess standard deviationsy{} of each track:
using known minimum and maximum values of coordiat
Xmin, Xmax, Ymin, YmaXhe maximum absolute values of LLR(h) = [log (n'|n)-log (n'|1)]. (10)
velocities in either directiolx, y) are 100 mi/h, or 44.7 m/s ni N’
Vmin =-44.7 m/sVmax =44.7 m/s. Amplitude is hormalized
to Amin = 0, Amax = 1Target initial parameter values are Convergence of this iterative procedure to a logakimum
taken randomly between the minimum and maximumesalu of similarity measure (2) was proven in [8]. Suabcdl
Clutter initial values are taken as zero for Dopjaied0.5for  convergence usually occurs within relatively feerdtions; a
amplitude. Initial values of the standard deviasionia, aré  typical example in the next section to@R iterations. Since
estimated using all radar returns, using same safae all  similarity is a highly non-linear function, regulaonvergence
models. Next, NMF computes neural weights (3), theg the global maximum can not be expected. Thel lather
computes new values of the model parameters. Modehn global convergence sometimes presents arolivedse



TNNO06-L487

I Detection and output |

Models / top -down signals

Data / bottom -up signals

Fig. 1. Graphical representation of the NMF awttitire.

difficulty in many applications. In the presente@thod, this
problem is resolved in three ways. First, the largiial

standard deviation of the similarity measure smestlocal
maxima. Second, according to the above descrigtiefore
equation (10)), a large number of tracks is uséahlly; many

of them are re-initiated several times. Therefbr particular
real track is not “captured” after few iteratioris,will be

captured at a later iteration, after track re-@thitiation. Third,
some of the initiated track-models converge to ispigrevents
not corresponding to real tracks; say they will eonearby
only two data points. In these cases, local loglilitood ratio
(10) will be low and spurious events are discardedetailed
characterization of performance usually require®rafing
curves [12], plots of probability of detection ysobability of
false alarm, computed for various signal-to-cluttatios,
densities of targets, target velocities, and otkeenario
parameters. Such detailed characterization is lktfman scope
of this letter. We would just add that the NMF #ec
performance came close to the Cramer-Rao Bounuleoking

[2] in several cases, when we performed such agstigation;
these studies will be published separately. Finatlypractical
applications, detecting a track is only a part lod bverall
tracking procedure. The detection procedure desdrib this
section and illustrated in the next section is genkd many
times, as new data are acquired. Detected shont-texcks
(tracklets) are connected into long-term tracksthia process
spurious events are discarded, and tracks nottddtagtially

are detected at a later time. This procedure, hewes not a
subject of this paper. Graphical representatiothefdescribed
NMF architecture is shown in Fig. 1.

The computational complexity of the procedure dbscrin
this section is proportional to the number of daténts and
the number of trackgonst*N*H. The consthere accounts for
the number of iterations, and for complexity of gedures
described by (1) through (9). Typical numbers aseussed in
the next section. The principal theoretical morisrthat this
number is linear i and inH, rather than combinatorial H*
like in MHT.

An application example of the NMF technique desmlib
above is illustrated in Fig. 2, where detection &madking are
performed on targets below the clutter level. Ri@) shows

TRACKING EXAMPLE

true track positions in 8.5km * 0.5km data set, while Fig.
2(b) shows the actual data available for detediwh tracking.
In this data, the target returns are buried in dhter, with
signal-to-clutter ratio of about —2dB for amplitueded —3dB
for Doppler. Here, the data is displayed such #iatsix
revisit scans are shown superimposed in the 0.5Kirbkm
area,500 pre-detected signals per scan, and the brighiofess
each data sample is proportional to its measuregdpl@o
value. Figs. 2(c)-2(h) illustrate the evolution tfe NMF
model as it adapts during increasing iterationgeHEig. 2(c)
shows the initial vague-fuzzy model, while Fig. P¢hows the
model upon convergence 20 iterations. Between (c¢) and (h)
the NMF neural network automatically decides hownyna
model components are needed to fit the data, and
simultaneously adapts the model parameters, inwutirget
track parameters. There are ttypesof models: one uniform
model describing clutter (it is not shown), andeén track
models with large uncertainty; the number of trasédels is
determined from data as described in the previegian. In
(c) and (d), the NMF neural network fits the datiéhwone
model, and uncertainty is somewhat reduced. Bety@eand
(e) NMF uses more than one track-model and dediusit
needs two models to ‘understand’ the content of data.
Fitting with 2 tracks continues until (f); between (f) and (g) a
third track is added. lterations stop at (h), wismilarity
stops increasing. Detected tracks closely corresponthe
truth (a).

Fig.2 illustrations are directly related to valwdshe model
parameters described in previous section. The torgs of the
figure is proportional to neural weights (3). Edcdck begins
at (xg, yQ) and extends tqx0, + vx, ty, YQ, + vy, tn).
Thickness of tracks is determined by standard dievia.

The number of neurons is dominated by the numbelatd
neurons; their total number ¥)0x6 = 3000 The number of
modeling neurons varied during iterations with thanber of
models, most of the time, as we can see in Figdds there
were4 modeling neurond, for clutter and3 for track models.

In this example, target signals are below clutfersingle
scan does not contain enough information for detect
Detection should be performed concurrently withcktiag,
using several radar scans, and six scans are lasihis case, a
standard multiple hypothesis tracking, evaluatifigracking
association hypothesis, would require abb@if® operations,
a number too large for computation. Therefore, kiragr
requires strong signals, with about a 15 db sigmalutter
ratio [1]. NMF successfully detected and tracket thiee
targets and required only0° operations, achieving about 18
dB improvement in signal-to-clutter sensitivity.

In case of low clutter (signal-to-clutter ratio aeol5 dB)
MHT can successfully detect tracks and in this Gsmiracy
of MHT tracks is expected to be comparable to NMAen
tracks are well separated. If probability densitasradar
measurements are known, such estimates will beasedi
When tracks overlap, NMF is expected to producesdma
results. The reason is that NMF estimation is nuie t
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Fig. 2. Detection and tracking objects below clutting NMF: (a) tru
track positions in 0.5km * 0.5km data set; (b)uattdata availde for
detection and tracking. Evolution of the NMF néuretwork is
illustrated in (c) —(h), where (c) shows the initial, uncertain moaet
(h) shows the model upon convergence after 20titersa Note thi
close agreement between the converged model (hhertduth (a).

maximum likelihood, but conditional on hypothesdsouat
correct data-to-track assignments. For close traskgnments
are biased, therefore estimations are biased. dbahility
densities are used for similarities, NMF produceset
maximum likelihood estimation,
likelihood assignments, and therefore are expedtedbe
unbiased (for many shapes of probability densitiBsjt, let
me emphasize again, this bias is a relatively smalblem.
The real advantage of NMF is its ability to track heavy
clutter, improving upon other tracking algorithmsdrders of
magnitude; in other words, solving previously umable
problems.

including maximum

IV. FUTURE DIRECTIONS

Future research will include feature-added trackifgen -
in addition to amplitude, position, and velocity other
characteristics of received signals are also usednfproved
associations between signals and track models. Nk
neural network can naturally incorporate this addl
information. Since association neural weights in WMre
functions of object models (1) any object featuan de
included into the models and will be used for signadel
associations.

Other sources of information can be included. Bamgple,
coordinates of roads can be easily incorporatea tiié NMF
procedure. For this purpose road positions shouél
characterized by a probability density, depending the
known coordinates and expected errors. Then siitigigr(2)
can be modified by multiplying them by the probépil
densities of roads.

REFERENCES

J. Jones, J. Bradstreet, M. Kozak, T. Hughes, anBldunt, “Ground

moving target tracking and exploitation performanwasures,”

Pentagon Report A269234, approved for public rele2804.

L. I. Perlovsky, “Cramer-Rao bound for trackingcintter and tracking

multiple objects,’Pattern Recognition Lettersol. 18, pp. 283-288,

1997.

[3] R. E. BellmanAdaptive Control ProcesseBrinceton, NJ: Princeton
Univ. Press, 1961.

[4] L. I. Perlovsky, “Conundrum of computational comgite,” IEEE

Trans. PAM] vol. 20, pp. 666-670, 1998.

N. Wiener CyberneticsNew York, NY: Wiley, 1948.

R. E. Kalman, “A new approach to linear filteringdaprediction

problems, Trans. ASME, Journal of Basic Engineeringl. D82, pp.

35-45, 1960.

R. A. Singer, R. G. Sea, and R. B. Housewright, ridion and

evaluation of improved tracking filters for use d@ense multitarget

environments,”lEEE Trans. Information Theoryol. IT-20, pp. 423-

432, 1974.

L. I. Perlovsky,Neural Networks and IntellecNew York, NY: Oxford

Univ. Press, 2001.

Y. Bar-Shalom and E. Tse, “Tracking in a cluttemdironment with

probabilistic data associatiorRutomatica vol. 11, pp. 451-460, 1975.

B. Widrow, “Adaptive Sample-Data Systems — a Statis Theory of

Adaptation,” 1959 WESCON Convention Record, Pappt,74-85,

1959.

Anderson, Sweeney, and Willian®&atistics for Business and

Economis, 9" ed., Academic Internet Publishers, 2006.

See (2007, June) [Online] Available:

http://en.wikipedia.org/wiki/Receiver_operating_cheteristicfor

references and discussion.

(1]

(2]

(5]
(6]

[7]

(8]

9]
[10]

[11]

[12]




TNNO06-L487

Leonid Perlovsky (M'86-SM'81)
Ph.D.’74 in theoretical and mathematical physiostitute for Mathematics,
Novosibirsk and Joint Institute for Nuclear Resbar®ubna, Moscow,
Russia.

He is Visiting Scholar at Harvard University, Cardige, MA and
Principal Research Physicist and Technical Advégdhe Air Force Research
Laboratory, Hanscom AFB, MA, Program Manager for@dDSemantic Web
program and other research projects. From 198999,1he served as Chief
Scientist at Nichols Research. Previously Profeasdtovosibirsk University
and New York University, principal in commerciaagtips developing tools
for text understanding, biotechnology, and finahpiadictions. His company
predicted the market crash following 9/11 a weeloilgethe event, detecting
activities of Al Qaeda traders, and later helpedCSEacing the leads. He
delivered invited keynote plenary talks and tutiofiectures worldwide,
published more then 270 papers, 7 book chaptedsaathored a monograph
“Neural Networks and Intellect,” Oxford UniversiBress, 2001 (currently in
the 39 printing). Two more books are scheduled to apjreap07.

Dr. Perlovsky is a member of INNS, Chairs IEEE BasComputational
Intelligence Chapter, organizes conferences on Q¢ettipnal Intelligence,
serves as Associate Editor for IEEE TransactionsSlemral Networks, Editor-
at-Large for “Natural Computations” and Editor-iti€f for “Physics of Life
Reviews.” He received the IEEE Distinguished MembEBoston Section
Award 2005; the US AF Research Lab Charles Ryan diainAward for
Basic Research 2007; and International Neural Ndét\8ociety Gabor Award
for achievement in engineering/applications 2007.

Ross Deming(M’05) received the B.S. degree from Cornell Umnsity in
1985, the M.S. degree from the University of Vertion1993, and the Ph.D.
degree from Northeastern University in 1996, aklectrical engineering.

He was previously employed at General Electric, lmed Teradyne,
Inc., as an electrical engineer, and at NicholseBeh Corp. and Witten
Technologies, Inc., as a senior scientist. Culreihie is a consultant for
General Dynamics, Inc., where he is working on raalad optical signal
processing problems for the Air Force Research tatboy.

While at Witten Technologies (WTI), he was partaofmall team that
won, among other awards, the Wall Street JournaD€4 Technology
Innovation Award (T place software category, honorable mention oveficl
its technology that creates detailed images of atbjeand conditions
underground using radar. He is also coauthor quatent for this radar
system.



