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Abstract

Track-Before-Detect (TBD) Algorithms are especially suitable for tracking
low-observable targets. For low signal-to-noise ratio (SNR <I) cases
tracking of such target is possible using TBD approach. Using
accumulative approach and more than single measurements a noise level
can be reduced in algorithm way, and gives SNR value enhancement. Due
to the target’s dynamic the possible motion vectors should be considered.
In this article in parallel processing approach based on GPU (Graphics
Processing Unit) and CUDA (a software platform for GPU programming)
is discussed. GPU gives ability of using high number of stream processors
and high clocking frequency for parallel algorithms. Because TBD
algorithms have abilities of processing in parallel way they are well suited
for GPU implementations and real-time processing. Using sparse
characteristic of Markov’s matrix the Spatio-Temporal TBD algorithm is
considered and different implementations schemes (texture, global
memory, global with shared memory) for state space access are compared
and real-time processing for typical image sizes are obtained.

Keywords: estimation, Track-Before-Detect, digital image processing,
parallel image processing.

Implementacja przestrzenno-czasowego
algorytmu sledzenia przed detekcja
z wykorzystaniem GPU

Streszczenie

Algorytmy $ledzenia przed detekcja (TBD — Track-Before-Detect)
umozliwiajg realizacje systemow estymacji parametrow kinematycznych
obiektéw takze przy warunku SNR<I (Signal-to-Noise Ratio), co pozwala
na $ledzenie obiektow, ktorych sygnal jest ponizej wartosci szumow.
Wykorzystujac podejscie akumulacyjne oraz wigcej niz jeden pomiar
mozliwe jest zmniejszenie poziomu szumow, a przez to zwigkszenie
warto$ci SNR. Z uwagi na dynamike obiektu konieczne jest uwzglednienie
mozliwych wektoréw ruchu obiektu. Wymagania te powoduja, ze
algorytmy te maja olbrzymi koszt obliczeniowy niezalezny od ilo$ci
§ledzonych  obiektow. W artykule zaproponowano rozwiazanie
przetwarzania réwnoleglego w czasie rzeczywistym dla obrazow,
z wykorzystaniem GPU (Graphical Processing Unit) i platformy
programowej CUDA. Zaleta wykorzystania GPU jest mozliwos¢ uzycia
bardzo duzej liczby procesorow strumieniowych, charakteryzujacych sig
prosta budowa i wysoka czgstotliwoscig taktowania, co pozwala na
efektywna czasowo realizacj¢ algorytmow przetwarzania réwnoleglego.
Poniewaz algorytmy $ledzenia przed detekcja majq cechy predysponujace
je do przetwarzania rownoleglego, wigc wykorzystanie GPU jest
rozwigzaniem pozwalajacym na przetwarzanie w czasie rzeczywistym.
W artykule rozpatrywane jest zastosowanie algorytmu rekurencyjnego:
przestrzenno-czasowego S$ledzenia przed detekcja, ze szczegdlnym
uwzglednieniem mozliwosci redukcji ilosci obliczen dla rzadkich
macierzy Markowa. Poréwnano rozne warianty implementacji dla dostgpu
do wielowymiarowej przestrzeni stanow, ktora jest przechowywana
w pamigci karty graficznej. Dane wejsciowe takze przechowywane sa
w pamigci karty graficznej, a dostgp realizowany za pomoca odczytu
tekstury, co pozwala na realizacj¢ takze utamkowych wektorow ruchu,
dzigki wbudowanej interpolacji dwuliniowej. Przestrzen stanéw jest
czterowymiarowa i dostgp do niej obcigza znaczaco magistralg pamigci.

Przetestowano warianty: odczytu z wykorzystaniem tekstur oraz zwyklego
dostgpu do pamigci, oraz zapisu bezposredniego i z synchronizowanym
buforowaniem w pamigci wspotdzielonej, uzyskujac zblizone wyniki
czasu przetwarzania. Poniewaz w architekturze CUDA nie jest mozliwy
zapis do tekstury, dlatego konieczne jest dodatkowe kopiowanie wynikow
przestrzeni standw do obszaru tekstury, co jednak nie powoduje
znaczacego obcigzenia w systemie. Wykazano, ze mozliwa jest realizacja
systemOw $ledzenie przed detekcja z wykorzystaniem GPU pracujacym
w czasie rzeczywistym. Dla obrazéw o rozmiarze 256x256 pikseli
osiagnigto ponad 200 klatek na sekund¢ przy 13 wektorach ruchu, a dla
1024x1024 osiagnigto 15 klatek na sekundg, przy wykorzystaniu procesora
G80 (GeForce 8800 GTS).

Slowa Kkluczowe: estymacja, $ledzenie przed detekcja, cyfrowe
przetwarzanie obrazow, przetwarzanie rownoleglte obrazow.

1. Introduction

Tracking algorithms are used in numerous applications and the
most known applications of them are radar and video image
surveillance systems. Typical tracking systems process
measurements in following way: detection algorithms are used for
reduction of amount of input data and for separation true data
from clutter; detections are processed by state estimator for update
and filtering, and the last one is assignment used for track
management. Especially two last stages (estimation and
assignment) are used together for best performance. As a detection
algorithm filtering and threshold (fixed or adaptive) algorithms are
used so position of moving target is well established in discreet
space. For estimation Benedict-Bordner, Kalman, Extended
Kalman or Bayesian algorithms are typically used. There are also
a lot of assignment algorithms [1] for track maintenance used for
creating and removal particular trajectories. For mulitsensor and
multitarget tracking systems algorithms are much more
complicated and computation requirements are higher, and for
example some assignment problems are NP-hard [1].

Tracking low SNR (Signal-to-Noise Ratio) targets is especially
complicated because if detection fails, targets are not detected and
tracked (in a case of too high threshold value). If noise clutter is at
signal level there are a lot false detections (in a case of too low
threshold values). If target signal is at noise or even below noise
level floor such target can not be tracked using conventional
tracking approach.

There is only one solution that is well destined to solving such
scenarios — Track-Before-Detect (TBD) systems. TBD approach
test all possible trajectories over a few input scans (tracking
phases) and make decision with one trajectory is possible
(detection phase). Even if there are no single target available giant
amount of trajectories are tested what is computational not
optimal, but gives guaranty of detection for assumed set of tested
trajectories. Tracking low SNR targets is especially important for
airborne, space and submarine surveillance due to availability of
‘stealth’ technologies.

There are number of TBD algorithms [2, 3] and the most known
are spatio-temporal [4], likelihood ratio [5], particle filters [6, 7]
algorithms. A lot of computation requirements are typical for
every TBD algorithms, but it is worth to be noted that computation
cost is less significant for military surveillance applications.

TBD algorithms need high performance processing units and
should be carefully designed for particular application. There are
VLSI and FPGA solutions for specific systems, e.g. FLIR marine
low-horizon [8] detectors but GPU processing is more convenient
due to flexibility and low cost.
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2. Spatio-Temporal (Spatial-Temporal) TBD

This algorithm is very interesting because is derived from set of
FIR filters. The simplest conceptually is non-recurrent version
(Moving Average FIR filter) that accumulate three dimensionally
pixels from set of stacked 2D images. There are a lot of trajectories
and for nonmoving targets it accumulate values over pixels at
exactly the same pixel coordinates (this is kind of image denoising
technique by accumulative approach). For moving targets
accumulation is calculated with an additional motion vector over
stacked images (Fig.1) and number of hypotheses is increased.

— "
-2
\ |n n-1
N
~aq

Fig. 1. Model of FIR based Spatio-Temporal TBD (single trajectory)
Rys. 1. Model realizacji przestrzenno-czasowego algorytmu FIR TBD
(pojedyncza trajektoria)

Fig.2. Data fusion example (using three trajectories)
Rys. 2. Przykiad fuzji danych (z wykorzystaniem trzech trajektorii)

There is also a recurrent version that is much more feasible for
implementation because less computation is necessary. This is
especially important for today available computing devices.

Recurrent version of spatio-temporal TBD algorithm uses
following pseudocode and formulas:

Start
// initialization:

P(k=0,5)=0 (la)
For k>1
//motion update:
P(k5) = [ s DPU =Ly )dsy (1b)
s
//information update:
P(k,s)=aP™ (k,s)+(1-a)X(k,s) (1c)
EndFor
Stop
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where:
k — iteration number,
s — particular space,
X —input data,

P~ —predicted TBD output,

P —TBD output,

a — weight (smoothing coefficient),
qy (s | sg_1) —Markov matrix.

Similar structure has Bayesian Likelihood Ratio TBD algorithm
formulated in [S]. The results obtained in this paper can be
extended to this and other classes but excluding Particle Filters
TBD [6] algorithms due to theirs statistical state sampling
behavior.

The state space has four dimensions so calculating 4D integrals
is time consuming task. Integrals should be calculated for every
trajectory and there are millions or billions of them for every
iteration step.

Assuming linear or semi-linear trajectories the Markov matrix is
very sparse and motion update can be reformulated to the much
simpler form:

P (k,s) = [P(k=1,55_)dl_y , (2
L

where:
| — particular linear trajectory.

If hypothesis trajectories sample only single TBD output they
can be simplified to the set of exponential filters separated for
every motion vector. For such case there are no dispersion of
information during motion update part like previously what gives
better results in comparison to general form (1b), but only if
hypothesis and real trajectories are fitted. Because information
update, sharpen motion update results such case is very
interesting. It is worth to be noted that for point target size it is not
so good but for extended targets (a few pixels are excited by
target’s) it can be acceptable.

Every trajectory for particular motion vector is calculated using
following formula:

thaPh_1+(l—a)Xh, (3)

For such simplification there are less computation what gives
ability of real-time implementation for high frame rate of input
images and quite high resolution of sensors using today available
computing devices what is crucial for implementation.

3. GPU implementation results

TBD algorithms are very important for military tracking
applications and there is only very small part of literature available
(most papers are restricted) so it is hard to say about possible GPU
implementations and results made by other authors.

Writing GPU code is now possible using C or C-like languages.
Efficient GPU programming needs optimization of algorithm and
memory accesses what is developer’s task. For Nvidia’s graphics
cards is used CUDA platform (Compute Unified Device
Architecture, actually version 2.1) [9, 10] that supports extended
C-language for description of parallel processing using threads
and CUDA implements SIMT processing (Single-Instruction
Multiple-Threads).

For test Nvidia G80 GPU (GeForce 8800 GTS, 128 stream
processors, 650MHz core clock, 1625MHz shader clock,
1944MHz memory data rate, 256-bit memory interface, PCI
Express x16) was used. Floating values (32-bit coded) was used
and four implementation cases were tested.
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All TBD algorithms need a very large data transfers between
global memory and stream processors. For real-time applications
fast shared memory can not be used for state-space storage
unfortunately due to very small size. Only input image is common
for all state spaces and should be fetched using texture unit (that
has own very small cache) or using shared memory.

One of the most important limitations is additional memory
transfer required for texture area in every iteration step. Because
CUDA does not support writing to the texture area (textures are
read-only) results stored in global memory are transferred to the
texture area. This is important for state-space because calculation
non-texture transfers can be implemented by double-buffer and
switching them only by address switching.

Every thread fetch input pixel value and calculate results for all
motion vectors. There are 13 motion vectors used in test. Threads
can cooperate (e.g. using shared memory) and 16x16 blocks are
used.

There is significant difference between texture and regular
memory read because texture unit has ability of filtering what is
very important for fractional motion vectors. Instead using stream
processor for calculating 2D interpolated value a bilinear
interpolation results can be obtained from texture unit directly
without additional cost. Texture units have own dedicated
computing resources so it is very efficient method.

Tab. 1. Performance measurement results of TBD algorithm
Tab. 1. Wyniki pomiaru wydajnosci algorytmu TBD

Internal
Frame memo! Frames per
Algorithm variant processing ry P
R transfer second
time .
time
256x256 input frame size
Input image (texture)
Input state space (texture) 4.38 ms 0.45 ms 207 fps
Output state space (global memory)
Input image (texture)
Input state space (texture) 430 ms 0.45 ms 210 fps
Output state space (global memory
via shared memory)
Input image (texture)
Not N
Input state space (global memory) 4.51 ms required 222 fps
Output state space (global memory)
Input image (texture)
Input state space (global memory) 4.42 ms th . 226 fips
Output state space (global memory require
via shared memory)
1024x1024 input frame size
Input image (texture)
Input state space (texture) 64.13 ms 0.95 ms 15 fps
Output state space (global memory)
Input image (texture)
Input state space (texture) 63.24 ms 0.95 ms 15 fps
Output state space (global memory
via shared memory)
Input image (texture)
Not
Input state space (global memory) 65.88 ms required 15 fps
Output state space (global memory)
Input image (texture)
Input state space (global memory) 65.10 ms th . 15 fps
Output state space (global memory require
via shared memory)

In Table 1 are presented results for four implementations and it
is shown that results are similar for every algorithm.

The most important is that TBD algorithm can be implemented
using today available hardware at quite low cost for typical image
sizes and frame rates.

4. Conclusions

Data transfer from global memory to the texture buffer
consumes time but it is not so important in comparison to the
frame processing.

Data fusion (similar to the shown in Fig. 2) can be implemented
using GPU or CPU and is not considered in this paper but
necessary for real application. Depending on application it can be
simple sum of all trajectories for particular position over all
motion vectors (subspaces) or every subspace should be
considered separately.

More advanced TBD algorithm implementations on GPU is
possible and it will be considered in further research.
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