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Abstract
This paper describes a flexible simulator for baokgd

In order to determine the contribution of a clugatch, a
model of the radar system and the radar range iequatp

Radio Frequency clutter developed at the GeorgiehTethese (range, azimuth, elevation) coordinates terdgne

Research Institute, and how this simulation walacated
with the use of nVidia GPUs using GPU VSIPL. Tlager
describes the mathematical basis for the simulai@hhow
it can be used to simulate RF environments andasen
describes the porting and validation process; ggtd
challenges raised by the conversion from doublsingle

precision, and how they were met; and describes t
execution spee

techniques used to obtain optimal
achieving 70x improvement over the original simiglat

RF Clutter Simulation
The RF clutter simulation is a portion of a testhed

how much energy each patch contributes. This psotes
repeated for each clutter patch in a given rangg, for
each range ring, and ultimately for each of mudtipllses.

Porting to VSIPL

The execution time of the baseline simulation leditits
Hgability. In order to improve the execution spees
eated a VSIPL-based implementation of the sinurat
and linked with GPU VSIPL.

In order to ensure a correct port, we first created
validation mechanism and correctness criteria. ce&Sithe
simulation includes some random elements, and lsecae

evaluate the performance of radar components adar @ anticipated changing from double to single predisia

algorithms. In order to present realistic simulatadar
return data, realistic simulated background clutherst be
generated. GTRI maintains a flexible radar envirent
simulator developed in MATLAB, which contains a nudel
to create this simulated data.

bitwise comparison of outputs was not suitable. We
encapsulated the random number generator in MATLAB
optionally record the random number set generahed,
treated this set as an optional input to the postedilation.
We ran the simulation with 1600 different randonminer

A radar system senses its environment by transwitidio Seeds and recorded the random sets and simulatpuito
frequency (RF) energy and observing the echoes frot@ use f(_)r validation. After considering the eremd noise
objects in the surveillance area. In many scenadbs Presentin other elements of the system, we seleeteeral
interest, the performance of such a system isdinity the Ccorrectness criteria, described below:

strong return from the ground, which can mask snall (CNRm — CNRv) )

targets. In order to understand the impact of soiscalled CNR <1073 D
radar clutter, and evaluate methods to suppreshigh m

idelity si i i norm(M -V

fidelity simulations are required. 20 logyy ( - )) < —60dB @
While it is straightforward to simulate radar retsirfrom norm(M)

discrete targets, simulation of the return fromrgveoint mean(|(FFT(M) — FFT(V)|?) <1073 3

on the ground that is visible to a radar is far enor
challenging. In many cases radar systems are ilysic

capable of resolving patches on the ground thadieassthan
a meter on each side. A high fidelity clutter siatidn must
simulate scatterers finer than this spacing ovértpmn the
earth that can extend for thousands of kilomet@&tss
approach is necessary since the contribution dueath
resolvable clutter patch will have distinct angtel &oppler
properties. These properties must be faithfullyredpced
since it this structure that allows a radar sigakcessor to
suppress clutter. The complexity of radar clutteruations
is due precisely to this fact: each point on theugd must
be treated independently in order to model theessli
features of the corresponding radar data.

A radar is essentially only capable of measuringgea
Because all targets at a particular range will bgeeoved by
the radar at the same time, the clutter simulafiost

divides the ground into range rings. The ranggsiare
then further sub-divided into a number of cluttetghes.
Each clutter patch may be described accordingstaaitge,
azimuth, and elevation relative to the platform.

Where M represents the data from the original simulation
and V represents data from the VSIPL version. CNR
represents the overall clutter to noise ratio ef generated
data set.

VSIPL supports a wide range of precisions, and
implementations may provide different precision elev
Many optimized VSIPL implementations, including GPU
VSIPL, support single precision floating point, bobt
double precision floating point. In order to eagihange
precisions and VSIPL implementations, we made the
precision used selectable at compile time by mesna
preprocessor directive.

Because the VSIPL API allows intuitive operation on
mathematical data objects, the initial port of siraulation
was straightforward. A professional C programnieat t
had no prior experience with VSIPL performed thet po
approximately three weeks. As an intermediate, steg to
aid in validation, we tested the ported versionlibking
with TASP VSIPL, a CPU-based reference implementati
of VSIPL, and used double precision throughout. ifiiteal



port of the simulation using double precision VSIRIet
the correctness criteria on the first validatioriempt,
demonstrating the productivity of VSIPL.

When we compiled the simulation for single preaisio

VSIPL, we found that criteria (2) and (3) were moét —

overhead per kernel invocation. Casting operatioith
the higher dimensionality allows this overhead te b
amortized over a greater number of operations, awvipg
overall efficiency.

Several operations in the prototype were reorgahnie

yielding 2.9dB and Ibrespectively. We determined thatallow consistency of row-major and column-major

the source of error was quantization noise in tleutation
of phase of return waveforms from adjacent clypiches.
In our test case, each clutter patch is less thaetar away
from adjacent patches, and the scene center isnsdozie
kilometers away from the transmitter. As a resatitsingle
precision, range detail was lost, which createddagrrors
in return phase. We corrected this by changingeand
phase calculations to use a far field approximatiotn a
single double precision calculation for the enticene, and
single precision calculations for relative rangel ghase
driving the creation of simulated returns. Thisamhe
brought the VSIPL single precision implementatioroi
compliance with our validation criteria.

VSIPL Performance and Optimization

operations. GPU VSIPL attempts vectorized opematio
where a unit stride dimension is available, but PASSIPL
does not. Providing a consistency of unit strideeshsion
improved the performance of the TASP-linked versioe
to cache coherencey, but had a greater impact eGE
VSIPL-linked version due to increased vectorizatemd
fewer hidden corner turns.

The results of this optimization effort are sumrmed in
Figure 1, below. The uppermost, constant line esgnts
the execution time of the original simulation; tresl line
shows the execution time of the ported simulatiofed
with TASP VSIPL; the green line shows the prograsthe
execution time of the GPU VSIPL-linked version tiet
simulation over the span of the optimization effort

Once we had completed a validated single precigi®iPL
implementation of the simulation, we linked with GP
VSIPL instead of TASP VSIPL with the goal of achiey
minimum runtime consistent with correct output.

180s

160s —00—o
Our single precision VSIPL based implementatior 140s
produced output data with identical correctnessrioset
using TASP and GPU VSIPL, demonstrating the fumetio 120s -
portability of programming with the VSIPL API. The| 100s -
prototype implementation executed more slowly whe 80s +—
linked with GPU VSIPL than it did when linked witfASP
VSIPL. The test scenario executed in 162.5 secamds 60s 1
MATLAB, 36.1 seconds in C using TASP VSIPL, and  40s
150.2 seconds in C using GPU VSIPL executing on 20s 3=.=.¢ .
nVidia 9800GX2 GPU. Based on prior porting effpre s "-:.
expected the GPU VSIPL-linked simulation to execut
‘?’pApSrgx\l/n;?ltD?_lY 10x faster than the simulation linksith Figure 1- Simulation Runtimes
The same engineer that developed the prototypegbdite Runtime
simulation optimized the VSIPL implementation foseu Version (s) Speedup
with GPU VSIPL over the course of about 2 montfihe
primary optimization differences between TASP arfdlUG MATLAB 162.5 1x
VSIPL were related to effective use of the weakly
consistent VSIPL memory model. Since TASP VSIPL is TASPVSIPL 14.0 11.6x
meant to be a maximally portable reference impleatam
of VSIPL, it uses only host system memory. As sule GPU VSIPL 2.2 73.8x

admit and release operations are essentially &ird, get
and put operations are no more expensive than aegul
memory accesses. For platforms with distinct VSHid
host memory spaces, such as GPU VSIPL, admit, seleaAfter optimization by a relatively new VSIPL prognaner,
get, and put operations are highly latent and nhest our implementation achieved a speedup of over gative
minimized to reduce execution time. The simulatieas to the original simulation, speeding the generatioin
reorganized to consolidate host access to simulatita, realistic clutter for our test scenario from ové0lseconds
and to minimize admit and release operations. to under 2.5 seconds. We found that VSIPL provides
intuitive and natural programming approach for mgrand
accelerating MATLAB based simulations. We foundtth
VSIPL provides highly portable software that can be
rapidly be redeployed onto different platforms, lhat
platform awareness is required to achieve optimum
execution speed.

Table1 - Final Execution Times

The simulation contained several regions of snela or
vector operations that were repeated over all cstrpoints
in the return data set. These operations werestrdca
increase dimensionality, reducing the overall totamber
of VSIPL function calls. GPU computing incurs aaim



