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Abstract

This project dealt with the acceleration of an aircraft king algorithm using a ClearSpeed mathematical co-pracess
The algorithm is based on non-linear differential corrattfalso known as the Gauss-Newton method) and uses Doppler
and bearing data from a Passive Coherent Location (PCLJ sgdeem. A PCL radar uses a network of receivers to track
targets through their back-scatter from existing Contirsid/ave (CW) transmissions, such as broadcast TV or radio.
The lack of an active transmitter in a PCL system resultslatikely low procurement, operation and maintenance costs
This is of particular advantage for airports in third worlsuntries, many of which do not have radar assisted air traffic
control.

Differential correction combines data from a number of ragaeivers using the minimum variance rule. New data is
incorporated as it is received in order to continually cortbe model in an optimal fashion. The model produced is a
10th degree polynomial which describes the trajectory efdincraft in a Cartesian co-ordinate system.

The objectives of the dissertation were to identify the catapionally intensive areas of the algorithm, then acedéer
performance by offloading computation to the co-procesEbe co-processor used was the ClearSpeed Advance X620
accelerator board, which fits into the PCI-X slot of a coni@rdl computing platform. It is claimed that the Advance
board range uses the fastest and most power efficient dubbision 64-bit floating point processors in the world. App
cation acceleration is achieved via two methods, paradétin and hardware optimized library routines. An inwgestion

into acceleration of the Gauss-Newton algorithm with Csrred was deemed worthwhile as the algorithm makes use of
linear algebra routines supported by ClearSpeed, as wetimputationally intensive double precision arithmetic.

Profiling of the pre-existing implementation of the algbnit (written by Dr. Richard Lord in IDL) revealed that the most
computationally expensive areas are arithmetic operatioait calculate partial derivatives of the observatiorcfioms,

and high dimension double precision matrix manipulatidriee Gauss-Newton algorithm was successfully implemented
in C, with accuracy results that compared favourably with dhiginal IDL implementation. The performance of the C
version (with no ClearSpeed acceleration) was 1.38 tinstsif¢han the IDL implementation, mainly due to the efficienc
of the hardware tuned ATLAS BLAS library.

It was found that the sizes of the matrices involved in thetiplidations are not a good fit for direct acceleration via th
provided ClearSpeed library functions. Further investigaconcluded that a moderate speedup could be attainegghr
parallelization of one of the matrix multiplications dueth® sparse and data redundant nature of the input matribes. T
accuracy results verified the correct functionality of tHeafSpeed accelerated algorithm, however the resultseshow
that the estimates produced were an order of magnitudedessae than the IDL version. This can be attributed to the
differences in accuracy of the card side matrix multiplimatnd the IDL / BLAS library routines. A 2.22 times increase
in performance was achieved (over the C implementatio)iin the co-processor offloading.

Given the amount of programming effort required to achidwg thoderate speedup, it can be concluded that the Gauss-
Newton algorithm is not a good fit for ClearSpeed assistedlacation.
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Nomenclature

ALU - Arithmetic Logic Unit
API - Application Programming Interface
ATC - Air Traffic Control

ATLAS - Automatically Tuned Linear Algebra Software

BLAS - Basic Linear Algebra Subprograms

CCBR - ClearConnect Busbridge port

CHPC - Centre for High Performance Computing
DST - Department of Science and Technology
CPU - Central Processing Unit

CSIR - Centre for Scientific and Industrial Research
cw - Continuous Wave

DGEMM - Double precision GEneral Matrix Multiplication

DMA - Direct Memory Access

DSP - Digital Signal Processing

EMP - Expanding Memory Polynomial
FFT - Fast Fourier Transform

FPGA - Field Programmable Gate Array

GPGPU - General Purpose computing on Graphics Processiitg) Un

GsuU - Global Semaphore Unit

HDP - Host interface Debug Port
HPC - High Performance Computing
IDL - Interactive Data Language
ISU - Interrupt Semaphore Unit
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LAPACK - Linear Algebra PACKage

MAC - Multiply-Accumulate unit

MTAP - Multi-Threaded Array Processor
NaN - Not a Number

NoC - Network on a Chip

PCI - Peripheral Component Interconnect
PCI-X - PCl eXtended

PCL - Passive Coherent Location

SDRAM - Synchronous Dynamic Random Access Memory

SoC - System on a Chip

SRAM - Static Random Access Memory
TSC - Thread Sequence Controller
UCT - University of Cape Town
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Chapter 1

Introduction

1.1 Problem statement

This dissertation dealt with the acceleration of an aitctiafcking algorithm using a ClearSpeed mathematical co-
processor. The algorithm is based on non-linear diffeaéntirrection and uses Doppler and bearing data from a Rassiv
Coherent Location (PCL) radar system.

1.2 Background

Africa has one of the largest aircraft accident rates pendlyiour in the world. According to statistics compiled in 800
Africa had the highest five year average fatal airliner aecidate in the world, and was also the only region whose
accident rate was not decreasing [5]. One factor that dongs to unsafe flying conditions in many African and other
third world countries, is the lack of infrastructure and pgoent required for Aircraft Traffic Control (ATC). Pilotahding

at such airports have to rely on their own eyes to survey thevay from the air before landing. The lack of an active
transmitter and resulting cost saving makes PCL radarctitteanot just for countries that would otherwise be unable t
afford radar systems, but for future ATC implementationgeneral (see Figufe1.1).

The tracking algorithm under consideration was develope®bNorman Morrison, Dr Richard Lord and Professor
Michael Inggs of UCT, as part of the ongoing investigatioloiRCL radar systems jointly undertaken by the University
of Cape Town and the University College London. The algamitis based on the idea that as computer processing
becomes cheaper and faster, expensive hardware can beegplamathematical computation. The algorithm processes
the Doppler and bearing data to produce a state vector agiimaf the target. This state vector specifies position,
velocity and higher order derivatives of position in a thdémensional Cartesian coordinate system. The state visctor
updated based on new data, discarding older. The systernasdmear differential correction, also known as the Gaus
Newton methoﬁl The Gauss-Newton algorithm involves matrix inversionsiaudtiplications which are computationally
expensive. A diagram of a possible PCL traffic control systeshown in Figuré1]1.

INote that the terms differential correction and Gauss-Nevetre used interchangeably in this document, as are the férening and tracking
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Figure 1.1: PCL for ATC with the Gauss-Newton method. A PCHarauses a network of receivers to track targets
through their back-scatter from existing Continuous Wawé/j transmissions, such as broadcast TV or radio. The lack
of an active transmitter in a PCL system results in relagil@lv procurement, operation and maintenance costs.

In the course of the investigation into possible hardwaagfptms for the implementation, a ClearSpeed Advance X620
co-processor board became available for use at the CemtHigh Performance Computing (CHPC). The CHPC is an
initiative of the Department of Science and Technology ([P&Td is managed by the Centre for Scientific and Industrial
Research (CSIR) and the University of Cape Town (UCT) in B@\ftica. The co-processor board is designed to ac-
celerate computationally intensive double precision fiftmppoint processing. ClearSpeed provides a set of litgdhiat
provide acceleration of commonly used linear algebra n@sti An investigation into acceleration of the Gauss-Nawto
algorithm with ClearSpeed was deemed worthwhile as therithgo makes use of linear algebra routines supported by
ClearSpeed, as well as computationally intensive douldeigion arithmetic.

1.3 Objectives

The objectives of the dissertation were to:

¢ |dentify the most computationally intensive areas of trgoathm.

e Port the algorithm to a hardware platform with a High Perfante Computing (HPC) co-processor.
e Accelerate the implementation through offloading of coratiah to the co-processor.

e Test the co-processor accelerated version of the algofithaccuracy.

e Test the performance of the algorithm on the HPC system coadpa the base system.
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1.4 Plan of development

1.4.1 Outline

The following chapters of this dissertation include distass of:

Application acceleration with ClearSpeed from a hardwaiksoftware perspective.

e The mathematical and filtering concepts involved in the Galswton algorithm.

e The performance profile of the pre-existing tracking altjon implementation (written in IDL).

e The C implementation of the algorithm on the base platfonipiding profiling and accuracy testing.

e Computation offloading of the implementation with the Ciaeed co-processor.

e Performance testing on the ClearSpeed accelerated pratfor

1.4.2 Description of hardware

Chaptef® contains a description of the ClearSpeed co-gsocbardware and software, as well as some of the program-
ming concepts involved.

The traditional method of increasing computing perforngabyg increasing clock speed and transistor density of a von
Neumann architecture CPU is now facing a brick wall limiteénrhs of the amount of energy that a single microprocessor
die can dissipate [1]. Therefore innovations in computehigecture and the replacement of fast, monolithic, single
processor dies with multiple slower processors operatimgarallel must substitute for the traditional methad [1].

One approach to increasing compute performance is the use-focessor accelerator boards. Such boards can offer
dramatic power and space benefits over other forms of HP@wffigring impressive performance increases over conven-
tional serial computing architectures, if the algorithngurestion is well suited to the co-processor hardware actite.

The co-processor used for this project was the ClearSpegdnseé X620 accelerator board, which fits into the PCI-X
slot of a conventional computing platform. It is claimedtttize Advance board range uses the fastest and most power
efficient double-precision 64-bit floating point processiorthe world. A block diagram of the board is shown in Figure
[I.2. One CSX600 processor contains 96 execution cores cegsimg elements (PES) .
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DRAM DRAM

CSX600 CSX600 ”
< Control / Debug Interface >

Figure 1.2: ClearSpeed Advance X620 accelerator blockamgThe X620 consists of two CSX600 embedded parallel
processors communicating via the ClearConnect busbridds,[d GB of local DDR2-400 SD-RAM and an FPGA which

implements the host interfade.[13]

The ClearSpeed software environment consists of the ren¢éinvironment (including device drivers), the CSXL and
CSDFT application acceleration libraries, and the Sofewaevelopment Kit (SDK). The relationship between them is

shown in Figuré1]3.

o Host Application
:
)
[7,]
ared lib AP
=0 0,
Shared libraries e e fo
for CPU Advance Accelerato
e.g. ACM, MKL
Device driver
___é ______________________
[y
2 CSX600 code for ClearSpeed
é Advance Accelerator

Figure 1.3: ClearSpeed software architecture and CSXL[13]
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Application acceleration with the ClearSpeed Advance X&28chieved via two methods, parallelization and through
hardware optimized versions of various linear algebrainest

Conclusions

In order to be candidates for parallelization, applicatioped to be data parallel, have a high computation to data-mov
ment ratio and small working data sets [8]. Keeping withia themory requirements of the CSX600 requires some care,
and performance is vastly improved if it is possible to oaprtomputation and data transfer/[10]. This goes for commu-
nication between the host and co-processor as well as fartidatsfer between the various tiers of on-board memory.

An application is also a candidate for acceleration if a lgglcentage of application execution time is taken up byaline
algebra routines supported by ClearSpeed’s CSXL libraryh@CSDFT library which performs various FFT functions).
When the host application calls a library routine, the nmetenvironment uses heuristics to determine whether tchatn t
routine on the host or the Advance board [14]. Performanoefits are only significant when the problem size is a good
fit for the ClearSpeed hardware.

1.4.3 The Gauss-Newton tracking algorithm

ChaptefB contains an outline of some of the statistical aatthematical principles involved in Gauss-Newton filtering

The model developed through non-linear differential octios is a polynomial of degree 10. The input to the algorithm
is an observation vector containing radar measurementseths®s an initial estimate of the state vector. Let the total
observation vectErY(n) be a matrix containing radar observations for every timeamsup tot,. Each of the observation
variables can then be expressed as a known function of tteevetetor. Let the true total state vector up to timbe X ).
Formuld L.1[B] shows the relationship betwegp andY;,,, whereNy is a noise vector.

Yin) = F(Xn)) + N (1.1)

Assume we have a nominal total state vector for the targe timety, )?(n). )?(n) is close toXp,) in the sense 0dXp), as
shown by formul& 112 [3].

0Xn) Is a vector of small numbers called the perturbation vector.

We can use the nominal total state veofg{) to generate a simulated observation vector, using eqUaib|$).
Yim = F (X)) (1.3)

The difference between the actual and simulated observaéotors is the observation perturbation vector, and can be
developed using formulal.4! [3].

&Yy = Yin) — Yy = F(X(n)) = F (X)) + Ny (1.4)

If we Taylor series expand each line of vectors we end up vjtlagor 1.5[3].

6Y(n) = T(n) 6Xn + N(n) (15)

2The notationX,shall be used to represent the vectovalid for time instant, Whereas»((n) shall represent the total set of vectors from tieg
up to timet,. WhereL is the memory length of the system.
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Tn) is a matrix derived from the known partial derivativesFafX,) with respect to the elements of the state vector,
evaluated al?(n), and is known as the total observation matrix. This last #gnas an overdetermined system of linear
equatior'@. From the minimum variance rule we can develop equafidnal.6 [

_ 1T p-1 ~17T p-1
R(n is the covariance matrix of the total error vechyy, , constructed from the variances of the noise distributafritee
observations at each time instance. The result obtainedeabaised to give a new approximation to the state vector, as
shown by equation I)/7[3].

(Xn)new = (Xn)old + 0X%n (1.7)

The state vecto()?n)neW is then translated to all time instances using a state véi@osition matriqu(n)H (Xn))old IS

the complete state vector used in the current iteration,(éfng)ne,\, becomes its replacement in the next iteration. A
stopping rule or “goodness of fit” criteria is used to deterenvhen to cease iterating differential correction. The rul
uses the average value of the perturbation ved¥; and RMS value of the observation residuals (differencevéen
simulated and actual Doppler and bearings), as well as aimuaminumber of Gauss-Newton iterations. The first two
parameters can be used to determine reliably whether teeifilin a state of error/covariance matrix consistency and
therefore whether a reasonable estimate has been prodi]c€&hice the desired threshold is reached the first two terms

of each dimension o(f)?(n))fina, gives the position and velocity estimate in 3d space.

Conclusions

Morrison [3]argues that the Gauss-Newton algorithm noty affers a legitimate alternative to conventional Kalman
and Swerling filtering techniques, but offers significanbéf@ under the correct circumstances. The computationally
intensive non-recursive Gauss-Newton filtering technicgue be used for aircraft tracking in the modern era due to the
massive advances in computing power since the advent ofétabnd Swerling filters in the 50s and 60s [3].

1.4.4 Profiling of the IDL implementation of the Gauss-Newto algorithm

Chaptef ¥ describes the profiling of the existing trackirgpethm implementation, which was written and tested with a
radar simulator program by Dr Richard Lord in the IDL prograing language |2].

The method used was to profile the implementation was to tiraexecution of functional blocks of code through calls
to the system clock. The platform specifications are shovirabie[1.1.

Table 1.1: Base platform specification

CPU Family Intel(R) Xeon(TM)
CPU Clock Speed | 4 x 3.00GHz dual core (x86_64) with 2MB cache
Memory 2GB
Storage 2x 300GB SATA
Co-processor Interface PCI-X 2.0 133 MHz
Operating System SuSE Linux Enterprise Server 9 (SLES9)

3An overdetermined system of linear equations is a systemmire equations than unknowns
“Note the distinction betweeX,, (n)andXearn: The notation ;) denotes multiple data samples for a single observatioaribgall samples for the
observation instant occurring at timg whilex, implies a single data sample for a single moment in time (tijne
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A block diagram of the radar simulator is shown in Figluré INéte that the radar data generator used in the simulator
is fairly simplistic, and the Gauss-Newton implementatimer investigation has yet to be tested under more realisti
conditions. What is of main concern here is the tracking r@lgm block, and that will therefore be the focus of this
discussion. However a brief description of the radar dategor is included here to provide a clear understanding of
the flow of data into the tracking algorithm.

Parameter Selection

Flight path .| Radardata o Tracking
generation generation algorithm

A

Y l l

Displays

Figure 1.4: Block diagram of pre-existing PCL simulatoryagtten by Dr Richard Lord in the IDL programming lan-
guage, which was used to test Gauss-Newton algotithm[3]

Radar data generation

The integration time t” for the cross-correlation function of the radar generatas 0.25s, resulting in 4 observation
samples per second. Each sample consisted of a Doppler amth@eeading from each of 8 receivers. The first set of
observation data was sent to the tracking algorithm aftee@6nds, and thus consisted of 80 samples. Subsequert,cycle
or observation instances, occurred every 5seconds, asistethof 80 samples (20 new observations and the last 60 from
the previous cycle).

Tracking algorithm

The tracking algorithm can be split into three componerits:rhaster control algorithm (MCA), track initializationcn
the Gauss-Newton algorithm. The MCA controls the flow of dataugh the other stages. Track initialization is used to
provide a partial, rough estimate of the state vector ofdhgett aircraft using bearing observations. This estimasists

of position and velocity in th&X/Y plane, and is fed into the Gauss-Newton algorithm, alonp thié associated Doppler
and bearing observations. The Gauss-Newton algorithmté@era number of times, each time outputting an increasingly
accurate estimate of the target'’s state vector, until anracy threshold or “goodness of fit” criteria is reached. $tade
vector developed by the algorithm describes the flightpatheaircraft using polynomials in three dimensional space

February 4, 2010 Page: 7



UCT Radar Remote A‘ = Department of
Sensing Group Electrical Engineering

A 10" degree polynomial was used for this implementation. Theukitor uses the 1st two values of the polynomial to
specify the position and velocity. Graphs of simulator atigis well as receiver layout in tB€Y plane can be seen in

Figure[1.5.

E
=
20
<
e
>

X-axis [km]

Figure 1.5: Graphs output by the pre-existing IDL simulgiozgram showing receiver layout and tracking of landing
passenger jet in X/Y plane[2]

Master Control Algorithm profiling

The flow of control of the MCA for one simulation run is as falls:

1. Initialize arrays, including the transition matriceg, for the state vectors.
2. Initialize the target track.
3. Run the Gauss-Newton algorithm to prod¢gq n)-

4. Repeat parts 2 and 3 for all remaining state vector updabsgrvation instances).

In profiling the MCA times were averaged over 10 simulatiees;h with a different flightpath as input. Each simulation

consists of 37 observation instances, therefore times#ontain functional blocks are averaged over 370 readings. Th
results of the MCA profiling are shown in bar chart of Figuré. 1As expected the Gauss-Newton algorithm accounts for
the majority (about 94%) of the execution time.
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Figure 1.6: Profiling of the IDL implementation of the MCA shing percentage execution time. As expected the Gauss-
Newton algorithm dominates the execution profile

Gauss-Newton method profiling
The operation of the Gauss-Newton method is described here:

1. Initialize arrays and parameters.

2. lterate differential correction. Each differential cmstion iteration executes as follows:

(a) Assemble the total simulated observation veﬁgr(using)?(n)), and the observation perturbation veaiy,
(0Ymn) = Y(n) ,\?(n)) as well as the RMS residuals of the observations.

(b) Assemble the total observation matfiy,. This is done in a loop that iterates over the data sampleiseof t
observation instance. Let the iteratoepresent a single time instance. The stages of each dteate:
i. Calculate the sensitivity matrik(X) using the partial derivatives of the observation equatiwith
respect to the elements of the state vector evaluat)gﬁ at
ii. Calculate a few rows of the total observation maffix, by multiplying the sensitivity matrix by the
transition matrix for this sampleh;.
(c) Transposd, then multiply byR(*nﬁ giving T(I]) Ry
(d) Generate covariance matrix by comput‘lfzg R(*H%T(n), then inverting it to forn(T(I]) R(}%T(n))*l.
(e) ComputedX, = (T(Tn R(*n%T(n) ) *1T(I]) R(*n%éY(n) .
(f) Generate new state vector estimate for the most recerg stant: (Xp)new = (Xn)old + 0Xnthen build
(X(n))new Using the transition matricég, and (Xn) Jnew

(g) The algorithm then tests for converEence (or goodne§$) afsing the RMS residuals, average®X,, and
number of iterations that have occuiietf the test is negative differential correction iteratgaia.

5The maximum number of iterations used in profiling was 50sThaximum has been found to be sufficient [citation], andéddeas never reached
during the course of the profiling.
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Conclusions
The results of the Gauss-Newton algorithm profiling are shiowFigure LY. The main areas of computation are:

e Observation perturbation vector loop. This is labed¥dn the figure and accounts for about 9% of the execution
time.

o Total observation matrix loop:

— Partial derivatives calculation for sensitivity matrixalheledpartials, accounts for 26.5%.

— Matrix multiplication to calculateTl(,, rows. LabeledT rows, accounts for 27.7%. This includes matrix
transpose and scaling to calcula’% R(*n% which accounts for 6%.

e Matrix multiplication and inversion to form covariance mat LabeledCovMat, accounts for 12%.
e Matrix multiplications in perturbation vector calculatioLabeleddX, accounts for 21%.

e Retrodiction of state vector estimate to all time instantedeledretrodict, accounts for 2.79%.

These cumulatively account for 96% of the Gauss-Newtonrdlgo execution time.

5.00E-2
4.50E-2 27 4. 31E 2
4.12E-2

4.00E-2
~ 3.50E-2 3. 26E >
X
— 3.00E-2
N2
© 2.50E-2
£
= 2.00E-2 1 87E 2
§e]
S 1.50E-2 1 39E 2
)
2
5 1-00E-2

5.00E-3 4. 34E 3

1, 58E 3
0.00E+0
Init partials Trows CovMat retrodict

Figure 1.7: Graph illustrating IDL implementation of Gatéswton profiling. The observation perturbation vectomoo
is labeleddY. The partial derivatives calculation for the sensitivitatmix is labeledpartials. The multiplications of the
sensitivity matrices with the transition matrices is laalrows. ThisTrows execution block includes the observation ma-
trix transpose and scaling with the error vector covarianag&ix. Calculation of the covariance mat(‘R( R T( ))

is labeledcovMat. The multiplication of the covariance matr‘ngn R(*n) and the observation observatlon perturbatlon

vector to form the state vector perturbation vector is ladeX. The addition of the perturbation vector to the previous
state vector estimate (or nominal state vector), and tmedietion of the new state vector estimate to all time instn
using the transition matrix is labeledtrodict.

The profiling of the IDL implementation reveal that the mosthputationally expensive areas of the algorithm are the
arithmetic operations in calculating the partial derivesi of the observation functions, and the high dimensionirmat
multiplications. The partial derivative calculations stst of a large concentration of double precision arithmegipeated

in a loop.
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1.4.5 Implementation of Gauss-Newton in C

Chapteib outlines the methodology used to port the Gausaexdfiltering algorithm to the C programming language
and the results of profiling and accuracy testing.

The MCA is illustrated by the block diagram in Figlre]1.8.

C IDL
IDL implementation
. Tracking
Flightpath - Radar data | | > algorithm N Accuracy
generator generator with profiling Testing
(vtune)
- —
v v v
Actual L Flightpath | |
flightpath _‘ Radar data approximation
Data on file

Figure 1.8: Block diagram of C implementation of MCA with acacy testing and profiling. The flightpath and radar
data generator from the IDL simulator were used to write tighflpath and radar observations to file. This information
was then read by the C code which implemented Gauss-Newterirfg to develop an approximation to the flightpath.
The profiling was done using Intel's VTune Performance Araty

C implementation accuracy testing

The flightpath approximation from C was compared with theialctlightpath generated by the IDL simulator using a
simple IDL program. The accuracy was tested for 60 simutatieach with a different flightpath. Each simulation
consisted of 37 observation instances, thus the accuraaysdaken over 2220 executions of the algorithm. The acyura
of the position and velocity output of the unaccelerated @lémentation is illustrated by Figute 1.9. These accuracy
values compare favourably with those of the original IDL &adlewton implementation.
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Figure 1.9: Graphs of comparative C and IDL implementatiocuaacy. The variables shown are position and velocity
in the X/Y plane, as well as altitude and its rate of changee @bverage error over 2220 executions is shown in the top
graph, followed by the standard deviation of these erroteémiddle graph. Finally the maximum error of each of the

state vector variables is shown in the lower graph. As iseuidrom the graphs the accuracy of the C implementation
compares favourably with the IDL version.

Single precision accuracy testing

A version of the C implementation using single instead oftdeyrecision for the data structures was also tested. This
would have been of benefit when offloading computation to teaiSpeed board, both in terms of data transfer overhead
and the limited memory (particularly poly memory) avaikaloin the card. Unfortunately single precision accuracy was
found to be insufficient for the Gauss-Newton algorithm. Témults of computation in the single precision version were
progressively inaccurate as the errors propagated, tHedists being unusable.
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C implementation profiling

The C code was profiled using Intel's VTune Performance ArealyResults of the profiling are shown in Figlire1.10.
Take note that the observation perturbation vector antldbtervation matrix loops were combined, the resultingcaxe
tion block is labeled Matrix in Figure[1.10.
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0.00E+0
Initialise Track T Matrix covariance dX retrodict

Figure 1.10: Gauss-Newton C implementation profile

Comparing the percentage execution times of C to IDL shoasithC matrix multiplication was relatively inexpensive.
This can be attributed to the optimized matrix multiplioatroutines used in the C code, which make use of the ATLAS

BLAS library. ATLAS libraries are tuned specifically for aptal performance on the host platform at build time. The C
and IDL execution times are compared in Figure1.11.
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Figure 1.11: Comparative C and IDL profiling graph. Matrixltmlication is relatively inexpensive in the C implemen-
tation because of the use of the ATLAS BLAS library which igioyally tuned for performance on the host platform at
build time.

Conclusions

The Gauss-Newton algorithm was successfully implememtéti, accuracy results that compared favourably with the
original IDL implementation. The performance of the C versivas 1.38 times faster than the IDL implementation,
mainly due to the efficiency of the hardware tuned ATLAS BLASdry.

1.4.6 Acceleration of the Gauss-Newton algorithm with CleSpeed

Chaptef® contains an investigation of co-processor offtagfibr Gauss-Newton tracking, as well as a description ef th
final ClearSpeed accelerated implementation.

Design

The design phase consisted of developing a flow chart shahenitended distribution of processing between the host
and the accelerator. Estimates of the execution time ofdbelerated sections of code were then made, includinggredi
tions of the overheads of both communication between hastacelerator and data transfers internal to the acceterato
The sections of code identified as candidates for ClearSpasaderation were those involving loops with no data depen-
dency between iterations, and the high dimension doubleigiom matrix multiplications. The flow chart is shown in

Figure[1T.1D.
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Calc 6Y(n)

Calc T(n) in parallel
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result ready signal

T(n) «— CSX600

oX = (T'R'T)'T'R'8Y
using CSXL accelerated matrix multiply

Retrodict to all time instances (producing?m))
using CSXL accelerated matrix multiply

Figure 1.12: Intended ClearSpeed accelerated Gauss Nawpbementation flow of control. The sections of code iden-
tified as candidates for ClearSpeed acceleration were thesking loops with no data dependency between iterations
and the high dimension double precision matrix multiplimas.
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The performance prediction of the total observation mataitculation on ClearSpeed involved counting the instoungi
and multiplying by the expected execution time of each uton EELb]). The transfer of data to and from the card were
also factored in, the expected transfer times discovengerérentally. The total execution time including data sfan for
the total observation matrix was 5.27 ms for a single iteratThe C implementation observation matrix and obsermatio

perturbation vector calculation took on average almost &0therefore the ClearSpeed implementation was expected to
give a 3 to 4 times increase in performance.

The matrix multiplications involved were found to not be halited for ClearSpeed acceleration. Testing the speed of
CSXL library calls against the host ATLAS libraries showéattall of the matrix multiplications involved were not a

fit, as is shown if_1.13. In most of the matrix sizes, fairlyrdedic performance degradation was seen. This illustrates
the main drawback to co-processor acceleration, that wieproblem size or type does not fit the hardware of the co-
processor, no significant performance benefit will be searsome cases, as in this one, performance degradation can
even result. Consider the matrix multiplicatidb= A B whereA is an m by k matrixBis a k by n matrix anc is the m

by n matrix resulting from the multiplication of the two. @kSpeed’'s DGEMM routine performs best when m and n are
multiples of 192 and k is a multiple of 28@11]. The only siioa where any of these conditions are satisfied is the first
multiply of the state vector perturbation vector (labetedMat x TTR-1 in Figure[1.18) where n=1920, however m=k=33
and the performance is still inferior to ATLAS.

14

-
[N

& ClearSpeed
[J ATLAS

RN

o
™

o
o

N
~

Execution Time (s)

o
(V)

0.09

0.02

o
|

Trows CovMat covMat x TTR-1 dXx
m=24,n=k=33 m=n=33,k=1920 m=k=33,n=1920 m=33,k=1920,
n=1

Figure 1.13: CSXL vs ATLAS matrix multiplication executidtimes. The main matrix multiplications of the algorithm
were tested for performance, the graph shows executiors tian&00 iterations of each multiplication. Here the synsbol
m, n and k represent the dimensions of the matrices in thepficdttion where an m by k matrix has been multiplied
by a k by n matrix, the resulting matrix being m by frows represent the multiplication of the sensitivity matrix for
a sampleM(X;) (24 by 33), with the transition matrix for that samphe (33 by 33). CovMat represents the inverse

covariance matrix calculation Whe(ﬂ]) R(*rs) (33 by 1920) is multiplied byf(,) (1920 by 33).covMat x TTR-1 is the
multiplication of the covariance matri)(cl'(ﬁ) R(’n%T(n))*l (33 by 33), With(T(E) R(*n%) (33 by 1920). The perturbation vector

dX is calculated by multiplying the 33 by 1920 result of the poers multiplication with the total observation perturloeti
vectordYn (1920 by 1).

Implementation and verification
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Figure 1.14: ClearSpeed accelerated Gauss Newton flow. cBarnputations offloaded to the ClearSpeed card were
track initialization, calculation of the total observatimatrix and state vector retrodiction. Acceleration wasrapted
by removing redundant data and unrolling loops.
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The implementation phase involved iterative coding andfigation using black box testing on a functional unit by
functional unit basis. This was done by sending relevanidat to the ClearSpeed card, running the unit in question on
the co-processor, then reading the output and testing faracy. If an error could not be identified by code examimatio
after a failed unit test, the ClearSpeed debugger was uski. allowed tracing through the flow of control of the co-
processor accelerated unit. Simultaneous tracing thrtheghnassisted code allowed comparison of the sequerstal st
of the host and accelerated versions in order to identifyetih@neous section of code. The ClearSpeed implementation
flowchart is shown in Figurle T.l4. The accuracy of the CleaeSmccelerated algorithm was tested in a similar fashion
to the C implementation. The accuracy results verify theemirfunctionality of the ClearSpeed accelerated algorith
(Figure[1.15), however the results showed that the CleaBpecelerated implementation produced estimates an order
of magnitude less accurate than the IDL version. This canttoiewted to the differences in accuracy of the card side
matrix multiplication and the IDL and BLAS library routine$his is supported by examining the average values of the
perturbation vectordX ), which show that in the accelerated version perturbatesrtor was on average larger than that
of the unaccelerated algorithm (Table]1.2).

Table 1.2: Comparative stopping rule statistics of C impatation and ClearSpeed assisted algorithm. The larger

average perturbation vector of the accelerated implertientsuggests that the ATLAS BLAS library implementation of

matrix multiplication is more accurate than the customteritcard side calculation.

Iterations| averagedX., | Doppler residualg bearings residuals
C 4.49162 5.46657 7.18154 0.00658

CSX | 4.52189 5.65714 7.19699 0.00658

February 4, 2010 Page: 18



UCT Radar Remote n'“ - Department of
Sensing Group Electrical Engineering

1.0E+3 29582
E 1.4E+2
£ 1.0E+2 4.4E+1
£
g OB 56Ea0
c
= 1.0E+0
o
®
1.0E-1 3.3E2
1.0E-2
Xy pOS error avg Z pos error avg Xy vel error avg z vel error avg
£ 1.0E+4
g 1.0E+3 3.0E+2 1.1E+3
(]
5 1.0E+2
= 1.7E+1,27E4]
:(f:% 1.0E+1
8 1.0E+0
s - 2.4E-1
8 1.0E-1 6.4E-2
S
% 10E-=2
Xy pOS error sig Z pos error sig xy vel error sig z vel error sig
1.0E+5
2.1E+4
T 1.0E+4 7.2E+3
5 1.0E+3 6.6E+2 9.0E+2
5 5 oEap LTEX2
(]
g 10E+2
=)
E 1.0E+1
2
g 1.0E+0
1.0E-1
1.0E-2

Xy pOS error max Z pos error max Xy vel error max z vel error max

Figure 1.15: ClearSpeed accelerated accuracy results CIHaeSpeed results are an order of magnitude less accurate
than those produced by the original IDL implementation, &eev still sufficiently to meet the stopping conditions o th
algorithm as defined by Morrison [3]

ClearSpeed accelerated implementation profiling

The ClearSpeed accelerated algorithm was profiled usingtbarSpeed debugger. The output was viewed with the
ClearSpeed visual profiler, and processed using a sprestdstegyram to allow its performance to be compared with
the host version. The results are shown in Figlres] 1.16 abid] tvhich show the profile of the host and ClearSpeed
interactions and processing. The graphs are colour codgltbte simultaneous host co-processor execution.
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Figure 1.16: ClearSpeed accelerated host processingeprdfdte that the first block (navy) is therite brg block that
writes the bearing observations to the ClearSpeed cardwiiiteeX block writes the state vector (10th degree polynomial
in 3 dimensions) to the card. The finaad state block (yellow) reads the position and velocity retrodictedall time
instances in 3 dimensions back from the card.
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Figure 1.17: ClearSpeed accelerated card side processifitep Note that the first and last block (navy and yellow
respectfully) are thevait obs blocks in which the card waits for the bearings observatfom® the host. The firsivait

obs block happens while the bearings are being written to the, @ard the last one occurs while the position and velocity
estimate is being read back from the card.

A graphical representation of the performance increaskeeofarious sections of code is shown in Figure11.18.
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Figure 1.18: ClearSpeed accelerated performance incgeaph

Conclusions

The accuracy results verify the correct functionality of learSpeed accelerated algorithm, however the resualigesh
that the ClearSpeed accelerated implementation prodwustedates an order of magnitude less accurate than the IDL
version. The final implementation resulted in about a 2. 224 speedup on average.

1.4.7 Conclusions

In chaptefl conclusions are drawn and the results of the@oepsor offloading implementation are discussed. Sugges-
tions are also made concerning future work that can be dotineiacceleration of the Gauss-Newton tracking algorithm.

Limitations of implementation

The implementation was capable of estimating target oséind velocity in two dimensions. However target altitude
estimations were not particularly accurate under the sitianl conditions used. This was due to the limited number of
receivers used in the simulated radar system. If more rerewere added to the PCL network, the input data set would
rapidly multiply to an impractical size considering the ilied available poly memory.

The accelerated Gauss-Newton implementation was tested¢aracy against the IDL version only. Therefore its func-
tionality in the field is contingent on the real-world applitlity of the pre-existing IDL code, which is yet to be tekte
The IDL radar data generator used is fairly simplistic, #fiere neither implementation has been tested with morestieal
data.

Comments on programming with ClearSpeed

The ClearSpeed programming model has a two to three weekingacurve, as it is fairly straight forward. Users
experienced in parallel programming will find ClearSpeeagpamming even easier to adjust to. Due to the hefty price
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tag of the card, significant performance gains are requarettke porting applications feasible. These performanicesga
will only be seen if the problem is either data parallel wiigthcomputation to data transfer ratio, or if linear algebra
problems of a specific size are being solved. The amount gfppemory present is a major constraint, as is the bandwidth
between mono and poly memory. These two constraints oftuitii@ performance penalties as the program is forced to
continually swap data between mono and poly memory if tha slet is too large. Single or even half precision should be
used wherever possible.

Results of acceleration

Direct acceleration of the matrix operations via the prediclearSpeed accelerated library functions was not fieasib
The sizes of the matrices used were not conducive to CleadSpeceleration, even after tweaking the host assist en-
vironment variable (refer to 2.3). Further investigatiancluded that a moderate speedup could be attained through
parallelization of the total observation matrix calcudati This acceleration was possible partly due to the spaideata
redundant nature of the input matrices. This allowed redntdata and calculations to be eliminated in the matrix imult
plication. The CSXL library implements standard BLAS algans and therefore does not do any matrix value analysis
and all matrices are assumed to be dense. The reasoningiliblsins that the processing penalty in analyzing matrix
values at runtime would outweigh the performance benefitvtloalld result. Optimization at the programming stage can
result in performance benefits but requires in depth knogdesthd understanding of the algorithm and its data strukture
The trade off is always between performance benefit and marsispent tweaking the code. The final implementation
resulted in about a 2.22 times speedup on average. TEhenatrix anddY(, vector calculation (executed in tandem
on host and co-processor) had an approximate 2.75 timedgpes average. The design stage predicted an execution
time of 5.14e3 microseconds for a single iteration of The anddY(, calculation, whereas the implementation averaged
around 5.52e3 microseconds, a difference arising fromdbkaraptions made in the performance prediction (see section
6.1.2).

Future work

Further work could be done in making the implementation ngengeral, allowing for more receivers or different aircraft
and radar parameters. Accounting for additional receimengld be particularly difficult as the data structures iveal
would increase in size significantly, however the second &®Morocessor on the board could perhaps be used to allow
for this. Additionally it could be worth considering the ilementation of a card-side matrix multiplication applioat

fine tuned specifically for the matrix dimensions involvedhie Gauss-Newton algorithm.

Given the expensive nature of the ClearSpeed cards, andtiimate goal of reducing costs through PCL tracking, it
would be worth considering cheaper alternative optionstekerate the Gauss-Newton filtering algorithms. This wbns
eration is further motivated by the fairly moderate speeakimieved by the implementation, and the relative inacgqurac
of the tracking estimates produced. These might includmogtsuch as GPGPU'’s and FPGA technologies, although
the requirement for double precision might be restrictihGRGA's are to be used. The ClearSpeed accelerated code
developed in this project might be used as a starting poirgifoh an investigation or implementation.

For the Gauss-Newton tracking algorithm to ultimately befukin the field, it should be able to track multiple targets
simultaneously. While this appears to be an inherentlyljghpoblem, the multiple target filtering algorithm sti#quires
further work. Problems that are still to be solved centreaacktidentification (how to identify which data belongs toigéh
target).
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Chapter 2

Description of hardware

The ClearSpeed co-processor technology used is descriltbisisection. Acceleration via co-processor offloading is
introduced, the ClearSpeed Advance board is described mm/erview of the ClearSpeed software environment is
provided.

2.1 Co-processor assisted acceleration

The traditional method of increasing computing perforngabyg increasing clock speed and transistor density of a von
Neumann architecture CPU is now facing a brick wall limiteénrhs of the amount of energy that a single microprocessor
die can dissipate [1]. Therefore innovations in computehigecture and the replacement of fast, monolithic, single
processor dies with multiple slower processors operatingarallel must substitute for the traditional methad [1].

One approach to increasing compute performance is the use-pfocessor accelerator boards. Such boards can offer
dramatic power and space benefits over other forms of HP@wffigring impressive performance increases over conven-
tional serial computing architectures, if the algorithngirestion is well suited to the co-processor hardware actite.

2.2 The ClearSpeed Advance X620 board

The co-processor used for this project was the ClearSpeednke X620 accelerator board, which fits into the PCI-X slot
of a conventional computing platform. The platform used &d@3MHz PCI-X 2.0 slot. It is claimed that the Advance
board range uses the fastest and most power efficient dpubbision 64-bit floating point processors in the world. The
X620 consists of two CSX600 embedded parallel processansremicating via the ClearConnect busbridge ports, 1GB
of local DDR2-400 SD-RAM and an FPGA which implements thetliotgrface [13]. A block diagram of the Advance
X620 architecture is shown in Figure 2.1.
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< Control / Debug Interface >

Figure 2.1: ClearSpeed Advance X620 architecture bloajrdia. The X620 consists of two CSX600 embedded parallel
processors communicating via the ClearConnect busbridgs,[1 GB of local DDR2-400 SD-RAM and an FPGA which
implements the host interface [13]

The FPGA is only reprogrammed when upgrading the ClearSfieedare for updates or new functionality.

2.2.1 The CSX600 parallel processor

The CSX600 parallel processor is shown in Figuré 2.2. The &BXs a fully integrated system on a chip (SoC). The
major components include:

e A Multi-Threaded Array Processor (MTA@’.)

e A DMA memory controller with a 64-bit interface to the on bdaddDR2 memory. With 64-bit addressing the
CSX600 supports multi-gigabyte off chip SDRAM. The Advahoard has 512MB of SDRAM per processor.

e 128kB scratchpad on-chip eSRAM memory.

The Host interface and Debug Port (HDP).

An Interrupt and Semaphore Unit (ISU).

e The proprietary ClearConnect NoC that provides on chip atef-ichip (via the ClearConnect BusBridge Ports
(CCBR)) communication.

IMTAP is a type of processor which allows multiple, disparatructions to be executed simultaneously. Hence the Muiti-Threaded. For
example a single processing element may contain a floatimg adder, a floating point multiplier, an integer ALU and ateger MAC. Theoretically
in an MTAP each of these disparate execution units withimptioeessing element could execute a separate thread oftiexesimultaneously, as long
as there is data independence between threads.
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Figure 2.2: ClearSpeed CSX600 processor architecturé bliagram[7]

The CSX600 provides 25GFLOPS of sustained single or douleleigion performance while dissipating an average of
1ow B], which is an astonishing performance per W of 2.5GPISDN.

The MTAP which constitutes the processing core of the CSX8@bown in Figuré2]3. The MTAP consists of a single
instruction stream array processor. When each instruaidecoded it is executed by either the mono processor &singl
instruction single data execution, as per the traditiorad Weumann architecture) or the poly execution unit (single

instruction multiple data). The poly execution unit cotsisf an array of 96 processing elements (PEs). Each processi
element consists of the foIIowingD [7]

e 32/64-bit floating point multiplier
e 32/64-bit floating point adder
e Divide / square root unit

e Integer ALU and 16-bit integer MAC
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Figure 2.3: The CSX600 Multi-Threaded Array Processor (Mjﬁ]

2.3 The ClearSpeed software environment

The ClearSpeed software environment consists of the renlmaries for interfacing with the board (including dewic
drivers), the CSXL and CSDFT application acceleratiordiit®s, and the Software Development Kit (SDK). The SDK
consists of a C/C++ compiler with parallel extensions, déad C libraries, instruction set simulator, industry staml
debugger, visual profiler, vector math library, random nendenerator and tools for loading and running code onto the
CSX600. The relationship between the different parts obtifewvare environment is shown in Figlrel2.4.

Application acceleration with the ClearSpeed Advance XB28chieved via two methods, parallelization and calling
accelerated versions of various linear algebra routineBK® routines).
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Figure 2.4: ClearSpeed software architecture[13]

The CSX600 processor runtime package provides for thergaatid running of standalone ClearSpeed programs, as well
as a programming interface and set of libraries that allogt poograms to control and communicate with the CSX600
processor.The tool-set for loading and running standaRiaarSpeed programs will not be treated here but is destribe
in detail in the ClearSpeed runtime user gulde [6].

Host programs written in C interact with the ClearSpeed Ward in two ways, either via the provided ClearSpeed accel-
erated library functions or via user programs written in@earSpeed Cn language. Cn is based on ANSI C, but adapted
and extended for parallel computing with ClearSpeed. TlewG@peed provides two library interfaces for acceleragfon
specific linear algebra and DSP functions, the CSXL and CSlilifaries. The CSXL library supports acceleration of

a subset of level 3 BLAS and LAPACK linear algebra routinew] the CSDFT library provides acceleration of various
FFT related functions. Since the Gauss-Newton algorithemméred in this dissertation does not make use of any FFT
related functions it will not be discussed here. Only the C8irary is of any relevance and is treated in secfion 2.3.1.

Host - CSX processor co-operation is implemented throughiGpeed’s CSAPI interface as part of the runtime package
driver library. which a host program uses to load, run androomicate with code on the ClearSpeed hardware. The use
of CSAPI is described in sectign 2.8.2.

2.3.1 Acceleration with the CSXL library

ClearSpeed’'s CSXL library provides accelerated versidnsioous mathematical functions for use with the Clear$8pee
Advance co-processor. There are two usage models for galBXL library routines, either from a host program or
directly from Cn code executing on the CSX600 processor.
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Calling CSXL functions from the host

The routines that are supported are a subset of the BLASdBawar Algebra Routines) and LAPACK (Linear Algebra
PACKage) libraries. These libraries are used to solve uarammmon linear algebra problems. The functions supported
by CSXL are listed below [14].

Supported BLAS functions:

DGEMM: double precision general matrix multiplication.

e ZGEMM: double precision general matrix multiplication tvitomplex data.

ZGEMM3M: alternate implementation of ZGEMM that uses threal multiplications instead of ZGEMM’s five.
May run up to 33% faster than ZGEMM under certain circumstanc

e DTRSM: solves a triangular system of equations with doubéeigion data.

Supported LAPACK functions:

e DGETRF: computes an LU factorization of a matrix using @dsivoting with row interchanges.

e DGETRS: solves a system of linear equations using the Lfeetion performed by DGETRF.

e DGESV: computes the solution to a real system of linear égug{combines DGETRF and DGETRS).
e DPOTRF: computes the Cholesky factorization of a real sytrimgositive definite A.

e DPOTRS: solves a system of linear equations with a symmedsdive definite matrix using the Cholesky factor-
ization.

e DPOSV: computes the solution to a real system of linear égm{combines DPOTRF and DPOTRS).
e DGEQRF: computes a QR factorization of a real matrix.

e DORGQR: generates a real matrix with orthonormal columniglvis defined as the first N columns of a product
of K elementary reflectors of order M as returned by DGEQRF.

e DORMQR: Overwrites the general real M-by-N matrix C with flelowing where Q is a real orthogonal matrix,
defined as the product of k elementary reflectors as retum@RZEQRF:

SIDE ='L' SIDE="R’

TRANS="N":Q*CC*Q

TRANS ="T": Q®*T *C C* Q**T

There are two ways to use the CSXL library, either from a hogtamm a CSX600 application. The host side library
requires that an implementation of the BLAS and LAPACK litiea is installed on the machine. When a CSXL li-
brary supported function is called by the host program, tirgime environment intercepts the function call and de-
termines how to split the processing between the host angtr@messor using heuristics. The environment variable
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CS_BLAS_HOST_ASSIST_PERCENTAGE is used as a guide whearmeting how much processing to offload, how-
ever the final decision lies with the runtime environmente dptimal value of CS_BLAS_HOST_ASSIST_PERCENTAGE
for a particular system is determined by a script provide€lgarSpeed.

Only certain matrix dimension sizes will result in perfommea benefits when using the CSXL library functions. Figube 2.
shows a host application calling a CSXL supported BLAS fiom;thoth with just a host BLAS library function installed,
and with a ClearSpeed assisted CSXL library function.

Various host BLAS library implementations have been tefdedompatibility with CSXL, including the following [14]:

e ACML
e MKL

o ATLAS

The host BLAS library used here was ATLAS (Automatically &drLinear Algebra Subroutines). ATLAS is a free BLAS
implementation that is optimized for the host hardware #tiiime.

/— Host computer \'

C Application )

T— —\\ ¢functlon5 calls //Aduam:e acceieratoh

< Application > Host CSXL Library )q-- | CSXBLAS Code }

&

t function calls : Processors

Host BLAS Library Host BLAS Library
(e.g. ACML or MKL) (e.g. ACML or MKL)

*86 cores X86 cores
- Q y € Q _4

Host library only (unaccelerated) Accelerated by CSXL library

7

Figure 2.5: Host application calling BLAS functions. Wher€8&XL library supported function is called by the host
program, the runtime environment intercepts the functalhand determines how to split the processing between the ho
and co-processor using heuristics[14]

Calling CSXL functions from Cn code

The only card-side CSXL function available is blocked deuptecision general matrix multiplication. Only matrices
whose number of rows and columns are multiples of 96 can beatggeupon. This restriction rules card-side CSXL calls
out for the Gauss-Newton implementation under study here.
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2.3.2 Acceleration through parallelization

Other than calling the provided CSXL (or CSDFT) library ftinas, acceleration occurs through parallelization ofecod
Users may write their own custom ClearSpeed application€learSpeed accelerated program consists of two compo-
nents, the host program and the code running on the Cleatt®pedware (the CSX program) [6]. The ClearSpeed code is
written in the Cn programming language. A time-line for sgdiCSAPI interactions with a host programming controlling
code running on the ClearSpeed hardware is shown in Higlre 2.

Host API Driver CcsX
Time
|
|
| create API instance
| -
| load code from CSX file
- -
|
| run code processing loop
- - = with semaphore
| synchronization
| —-—— - - — — — — — — — — — — — = — — — — e —
|
| write data to mono memory
| - -
| signal to start processing
| - -
| F - —————— 1 " radoda |
| wait for the data to be processed - process data
| prepare next batch while waiting _ wiite resuits
| __________________
| signal data ready
| Rl - Bl
| read results from mono memory
| - -
| delete AP! instance
* .

Figure 2.6: CSAPI driver library interaction time-line[6]

The figure shows the basic procedure involved in offloadingmatation with ClearSpeed.

Create an instance of the API, to be used with one Advancealboar

Load Cn code onto a specified CSX600 processor on the Advarzsd.b

Launch the Cn application.

Begin the processing loop:

— Write the Cn program’s input data onto the Advance SDRAM.
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— Signal a shared semaphore to inform it that the input da&aidyr and processing may begin.

— Prepare the next batch of data then wait for the Cn programpubid be ready. The host may of-course
perform its own independent processing while waiting fer @n program to complete.

— On receipt of a signal from the Cn program, read the outpuat fitatm the co-processor.

— If there is more data to process, continue looping.

e When the processing loop completes the program is unloatiethweleases the resources of the board so that it
can be used by another Cn program.

e When the board is no longer required the APl instance adsakigith it is deleted, unloading the CSAPI library.

This is a simplified interaction time-line, with unnecegseomplexities removed. However there are several powerful
programming concepts that facilitate far better perforogamenefit than is achievable through the above simple pmogra
ming model, including semaphores, asynchronous dataférasrsd double buffering.

The CSAPI library provides access to two types of semaphdhesad Sequence Controller (TSC) and Global Semaphore
Unit (GSU) semaphores. TSC semaphores are used to synohmecution between Cn code and a host program, or
between CSX600 threads. GSU semaphores synchronize pooses the same card, the host DMA engine and the host
application. GSU semaphores can also carry data. The G#&ugen implementation ran on only one CSX600 processor

and did not make use of GSU semaphores. The properties afithdiferent semaphores types are shown in Table 2.1.

Table 2.1: Semaphore properties[6]

Event TSC GSsuU
Total number on each processor 128 16
Signal overflow limit 255 65536 (32 with data)
Can carry data Mo Yes
Can be operated on by other processors Mo Yes

The CSX600 parallel programming paradigm utilizes a simggéruction stream with multiple data. The CSX600 archi-
tecture uses an array of processing elements that make yolhexecution unit. Programming the CSX600 processor
for parallel execution is based on the concept of the polg thgie specifier. A poly specifier results in the data being
stored in poly memory, and functions that act on poly datblwilexecuted by the poly array of processing elements. What
is most pertinent to the application programmer about th€80D8 design is that there is a mono and poly execution unit,
and that each instruction in the single instruction streadlnbe executed by one of the two (but not both) as appropriate
[12]. Mixing of poly and mono data types can result in undesioehaviour if care is not taken.

A poly data type has many instances, one on each poly exeautiv (PE). When poly code executes, each PE performs
the same function from the instruction stream on its own dged in memory local to that PE (poly memory). The SDK
includes most standard C libraries, with mono and poly vasia
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Conclusions

In order to be candidates for parallelization, applicatiored to be data parallel, have a high computation to data-mov
ment ratio and small working data sets [8]. Keeping withia themory requirements of the CSX600 requires some care,
and performance is vastly improved if it is possible to oaprtomputation and data transfer/[10]. This goes for commu-
nication between the host and co-processor as well as fart@datsfer between the various tiers of on-board memory.

An application is also a candidate for acceleration if a lgglcentage of application execution time is taken up byaline
algebra routines supported by ClearSpeed’s CSXL libraryh@CSDFT library which performs various FFT functions).
When the host application calls a library routine, the nmetenvironment uses heuristics to determine whether tchatn t
routine on the host or the Advance board [14]. Performanoefits are only significant when the problem size is a good
fit for the ClearSpeed hardware. An example of this is the ISlpeed accelerated DGEMM library function. Consider
the matrix multiplicationC = A« BwhereA is an m by k matrixBis a k by n matrix anc is the m by n matrix resulting
from the multiplication of the two. ClearSpeed’s DGEMM rimgt performs best when m and n are multiples of 192 and
k is a multiple of 288|[14].
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Chapter 3

The Gauss-Newton tracking algorithm

This chapter describes the key filter engineering conceptsraathematical theorems involved in the development of the
Gauss-Newton tracking algorithm. The chapter begins byogfisome of the notation used in the mathematical equations
herein, then goes on to introduce the reader to Gauss-Ndiltsing by giving an overview of what it entails. The core
concepts involved in Gauss-Newton filtering are then adeein some detail. These are the observation equations, the
observation ofl matrix calculation and the minimum variance rule. Once Haskground material has been presented
the iterative Gauss-Newton filtering method that was usethie project is outlined.

3.1 Definitions

In describing the Gauss-Newton filtering and tracking pssdée following conventions are used:

e Long column vectors are represented as the transpose ofvetor to save space. Thds=( y; , y» )'represents

the column vecto N .
Y2

e t, denotes “right now”, or the most recent observation instant

e Yy is a vector that is valid for time instaty, the most recent observation instant.

* Y is a concatenation of the vectors valid from titpeip to the most recent observation instgnt

e 1 is the initial observation instant used for the filtering leyc

¢ Yy is the observation vector for thé" receiver at time,.

e xis the F time derivative of the variable, % the 2" time derivative and so forth, as is the convention in calsulu

e D™x denotes thet" time derivative of the variable The operatob is thus the differential operator.

3.2 The observation equations

Consider an aircraft passing through the target area of ama@4ar system consisting of 8 receivers; Let the vector of
observations made at timigbeY, be described by equationB.1 [3].
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Yo=(fa , cogy) , sin(y) )" (3.1)

Each parameter of; is a vector made up of 8 observation scalars. This is bechaseare 8 receivers and therefore 8 sets
of observations at any particular instarf.is a set of Doppler shift observations, ¢@3 and sir{y) are the cosine and
sine of the bearing angle observations respecﬁk/d\kgote that this particular observation vector is used fowemience

of discussion. In the general cagecould contain any number of observation variables.

In a real world situation the observations made by the receietwork will be noisy. The vector of errors in the observa-
tion vectorY, is represented by, in equatio 3.2 where each of, v, andvs is a vector of 8 scalars.

Nn :( Vi , V2, V3 )T (32)

The complexity of the T matrix calculation depends on thedirity of the observation scheme and the filter model used
to estimate the state of the observed sysiem [3]. Here thenadtion scheme is nonlinear, as shown by equédfign 3.4.
The filter model is assumed to be linear. The only linear fitterdel of practical interest is the polynomial [3]. The
Gauss-Newton implementation models the state of the tchakeraft as a degree ten polynomial, and thus the state
vector consists of thé®Dto 10" derivatives of the estimateqy andz co-ordinates of the aircraft. The state vector for the
aircraft at timet,, is described by equati¢n3.3.

Xn=(x% % % ... D¥% vy y, y, ... D% z z 2z .. D)7 (3.3)

The set of observation equations for #f&receiver which is located &tx, , y« , z )’ canthen be developed. If
the transmitter is located &tx, , yo , 2z )' and is transmitting at wavelengh the observation equation for the
K receiver is shown by equation £.4[3].

—2m/) (xf><o)>'<+(yfyo>>'/+(Ho)'zl + (Hk)k+(yfyk)y+(zfm'zl
((x=%0)2+(y—Y0)2+(z-20)2) > (=X 2+(y-yi)2+(z-2)2)
fdk Vlk
Y. — _ ) +1 v (3.4)
e cogy)k PRTIVERTY, 2 :
. — Rk —Yk
sin(y)k Va,
Y=y

(x40 2+ (y-yi)2) 2

Equatior{ 3.4 can be rewritten as a set of functions of the ste¢tor, as in equatidn_3.5. In writirgg, the subscripk
simply implies that we are dealing with th& receiver and therefore use its co-ordinates for the cotsstary, andz,.

fdk glk (Xn) Vi
Yoo = codk [=] 92%) |+]| v (3.5)
sin(Y)k 93(%n) V3

To get the full equation for each of the three observatioratées, the eight equations for each receiver are condaigna
This is illustrated by equations 3[6,B.7 3.8.

[01(Xn)]x =09y lx, k=1...8 (3.6)

1The bearing angle is split into its cosine and sine to avoid the discontinuity-ar
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[G2(Xn)]x =92l  k=1...8 (3.7)
[03(Xn)]x =03/x, k=1...8 (3.8)

In words, equatiof 316 says that i element of the column vector of functiogsis given by the observation equation
for thek!" receiver of the network evaluated using the elemenb$,of

The observation equation for the radar system is then giyesghatiori 3.9.

91(%n) V1
Yo=|[ 020%) | +[ v2 | =G(%)+Nn (3.9)
93(%n) V3

3.3 T matrix calculation

The most challenging and computationally expensive patth@iGauss-Newton algorithm is the calculation of the total
observation matrix or T matrix, which is central to the estiion procedure. The T matrix calculation uses the observat
sensitivity matrix for a particular time instant, which ctiren be retrodicted to all time instances using the polyabmi
transition matrix®({)[3]. In what follows a proof that the polynomial transitiorovks on the perturbation vector is
offered, (and the perturbation vector itself is definedgntthe observation sensitivity matrix and then the T matré a
developed using the initial proof.

3.3.1 The polynomial transition matrix and the perturbation vector

A nominal state vector for the targ, which is close toX, in the sense 06X, is assumed and is shown by formula
310 [3].
OXn = Xn—Xn (3.10)

0X, is a vector of small numbers called the perturbation vedtab(t,_; —t,) is applied to both sides of equatibn3.10,
equatiori:3.T11[3] is obtained. This proves that the polyradtnansition matrixd({) can be applied to the perturbation
vector to retrodict it to any time instance, and so equafidd[3] can be written.

D(th_1—tn)0Xn = DP(tn_1 —tn) (Xn — Xn) = Xn_1— Xn_1= 0% _1 (3.11)

OXn—1=P(th_1 — 1) OXn (3.12)
Equatior 3. IR will be needed to build the T matrix. First thservation sensitivity matrix needs to be developed.

3.3.2 The observation sensitivity matrix

The nominal state vectot, can be used to generate a simulated observation vectoregsiatiod 3.13 [3].

Yn = G(X%n) (3.13)
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%is the set of observations that would be seen in the absenoaisH at timé, if )?nwas the real life state vector of the
aircraft being tracked. In this particular case the obg@maquationG is defined in section 3.2.

The difference between the actual and simulated obsenvaéotors is the observation perturbation vector and can be
developed using formula3.114 [3].
OYn = Yo — Yn = G(Xn) — G(Xn) +Nq (3.14)

Rearranging equatidn 3110 to makethe subject of the formula and then substitutingin B.14 gaguatiof 3.75 [3].

Y = G(Xn+ 8X%n) — G(Xn) +Nn (3.15)

In Appendix A, the local linearization process presenteiioyrison [3] is described for the perturbation vecfot. This
process can be applied to equafion B.15 in a similar fasbipnaduce the linear form of equatibn 3. 16 [3].

Yy = M(Xn) 0%y + Ny (3.16)
In the preceding equation the matiik(X,) is known as the observation sensitivity matrix [Zk(X,) is a p-vector of
functions on the elements ¥fwhich is ag-vector. The observation sensitivity matrix is defined inaipn3.1VI[3].

M(X0); = 0Gi(X1...Xq)/0x |5, i=1...p, j=1..q, (3.17)

This states that thi j'" element of the observation sensitivity matrix is calculaby taking the derivative of théh
function of G with respect to thg'" element ofX, evaluated using the elements of the

The observation sensitivity matrix described above isdvedi one observation instant. Each of the eight receivess pr
duces three observations variables. These are Dopfglerafd bearing angle which is split into cosine and sine(@9s
and sirfy)). The state vector consists of thé @ 10" derivative of the Cartesian co-ordinatesy andz Therefore

p = 3, andq = 33. The Doppler observation equation contains only fieafd ® derivatives ofx, y andz, therefore
partial derivatives with respect to all higher order terrhthe state vector are equal to 0. The two bearing angle eapsati
only contain the  derivatives ofx andy, so all higher order partials and all partials with respedhie derivatives of
are again 0. Using equatifn 3117 the observation sengitivéltrix is as shown in equatidn 3118 [3].

M (%) =
Dy fq Difg  0...0 || Dyfy Dyfg 0...0 || Dfqy Dify 0...0
Dyxcog ) 0 0...0 H Dycogy) O 0...0 H 0 0 0...0 (3.18)
Dxsin(y) 0 0...0 H Dysin(y) 0 0...0 H 0 0 0...0 )~

The partial derivatives shown in equation 3.18 are desdribeAppendix B, and all partials are evaluated using the
elements ofX,. The observation sensitivity matrix is what is used to claltuthe total observation matrix, or T matrix
for our radar system.

Note that since there are eight receivers, each of the tertheisensitivity matrix of equatidn 3J18 is a column vector o
eight values.

For exampleDy fq is the partial derivative of the Doppler observation fuantivith respect to the state vector variakle
. This derivative contains constamis yx andz. These are the co-ordinates of the receiver in question.caluallation
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is performed for each receiver and the eight value colummovdy fy is built using the eight results. Therefore the
observation sensitivity matrix has dimensions 24x33.

Having described how to calculate the observation seitgitivatrix the T matrix can now be described.

3.3.3 The total observation matrix calculation

Equatiori3.75 is restated:

By concatenation of equati¢n 3119 for all the observatitances equatidn 3120 is obtained.

OYn M (Xn)d%n Nn
OYn_1 M (Xn_1)0X%n_1 Nn—1
= - | ——- (3.20)
OYn_L M (Xn_1)3Xn-L Nn—L

oYn M(Xn) Nn
OYn_1 M (Xn_1)P(th_1 —tn) Nn_1
- = ——f————————— Xn+ | ——— (3.21)
5Yn7L M(%nfL)cD(tnfL —tn) anL

The matrix multiplyingdX, on the right hand side of equatibn 3.21 is the total obsesnatiatrix (). In this imple-
mentation the delay between observation instances isamtret 025s (the integration timer” for the cross-correlation
function of the radar generator). Therefdjg can be written as in equatién 3]22.

T (322)

With this definition equation’3.21 can be rewritten as follow

6Y(n) = T(n) 0Xn+ N(n) (3.23)
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Equatiori3.2B leads to the central concept of Gauss-Newlterirfg, the minimum variance rule.

3.4 The Minimum Variance Rule

The minimum variance rule is a law of estimation theory thetedmines the most accurate possible estimate.

3.4.1 The residuals

The total observation equation can be rewritten as follf8}s:

Y(n) = T(n) X(n) + N(n) (3.24)

Recalling the perturbation vector equation:
OXn = Xn — Xn (3.25)

0X, is the difference between the true state vector and the radistiaite vecto)?n. The goal is to attain an estimateXf
that is more accurate thag. This estimate is given the notatiof] ,. Here the first subscript implies that the estimate is
valid at time instant,, and the second subscript indicates that it is based on\@ig®rs up to time instanmt. Equation
can be rewritten as shown in formula_3.26 [3].

Y = Ty X, )+ N(*n) (3.26)

(n,n

Rearranging equatidn 3]26 to malg, the subject of the formula gives equation 3.27.

Niy = Yim) — T X; (3.27)

(n,n)

Ny is the residual vector an‘qu(*nln) is the fitted observation vector. Equatlon 3.27 is depiateigure 3.1.

Figure 3.1: The residuals of the observation and fitted elasen vectors[3]
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The solid line shows the trajectory described)(?;(n), the small squares show the fitted observation ve'QpQ)((*n n) and
the circles show the observatiovis). The arrows depict the residuadg, — T, X/,

(nn)* If the trajectory shown in Figure
[3.1 is considered, the residual vector is:

Niny = Yo = T Xam = (25, —1,4,31, -1.233)" (3.28)

Gauss made the profound observation that if the residualbeaveighted according to how accurate they are, the result
could perhaps be used to gauge how accurate the estiffiate [3]. Gauss measured the accuracy of the residuals using
the known variances of the errors in the observation veatbich make up the covariance matfy, [3]. He assumed
that the observation errors were uncorrelated, both stageand locally, therefore his covariance matrices wesaygs
diagonal|[3]. The covariance matrix of the observation eeis given by:

Rin) = E (N Np) (3.29)

If the residual vector is multiplied by its transpose theauteis the sum of the square residuals. Gauss divided eadteof t
square residuals by the known variance of the error of therebtion associated with it, to form the sum of the weighted
squared residuals show in equafion 3.30 [3].

*T N|* * \Tp—1 *
N(n) N(n) = (Y(n) - T(n)xn,n) R(n) (Y(n) - T(n)xn,n)

= 2.52/02 + 1.42/02 + 3.12/02 +12%/52 - 33%/52 (3.30)

Since more accurate observation parameters have smallanses, the most accurate observation in equatiod 3.30 wil
have more weight in the sum of residuals calculation, fronictvkhe estimate is derived [3]. Gauss realised thakife
that minimizes equatidn 3.B0 will be the most accurate es#ofX, that the total observation vectd, is capable of
producing|[3]. The notation in equation 3131 [3] is used téirdethe sum of the weighted squared residualkof

e(Xiin) = Nig Niy = Yo — T %) R{,&(Y(n) =Ty Xan) (3.31)

s

3.4.2 Derivation of the minimum variance algorithm

The goal is to attain the best possibg, given the observation vectdf,, which has known covariance matf,, as
well as the total observation matriy, (given a nominal state vect&(n)). Morrison [3] derives the minimum variance
algorithm that estimates the beg}, as follows. The definition of the sum of the weighted squaesiduals is formed
in equatiori 3.31e(X; ) is a quadratic form on the positive definite maﬂﬂg& and so is always positivel[3]. Figure B.2
showse(Xxnn) as a surface which, when traversed, represents all thebp@ssiues of; .
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e(X*,.)
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X le_n

/

fx’%,—, nti

Figure 3.2: Sum of weighted squared residuals as a surface[3

If equation 3.31L is differentiated with respect to each & élements oKy ,, and the result set equal o, e(X;,,) is
minimized, and therefore a set of equations are providetkilaw the best estimate of; , to be attained. The result as
found by Morrison|[3] is shown in equatién 3132, and is expdal further in Appendix C.

-1
* T p-1 T p-1
X = (T(n) R(n)T(n)) TR (3.32)

If the total observation equation (3]123) is restated as wp@.33, the above differentiation procedure can be regea
formulate equation 3.34.

OY(n) = Tin) OXan+ Ny (3.33)
ox: = (TT R AT, ) TL R 3.34
X“’“*( () () <”>) () "(m) Y (3.34)

In equation 3.340X;; is the difference between the nominal state vector and thiedsémateX, n*. This equation is what

is required; It allows an estimate of the state vector of theaft to be made from a set of known inputsolXy , is added

to X, the result should be the best estimxgg,, however for various reasons this is not the case. Locahtination has

to be used in derivind,), where the higher terms of the Taylor’s series expansioewespped to avoid non-linearities,
resulting in a loss of accuracy since the problem of airdrafectory estimation is typically an inherently non-émene

[3]. 3X;,from equatiori 3.34 is used to get closer to the best estirhatefie set of observations can produce, and the
result leads to the iterative Gauss-Newton procedureshaged to get even closer.

3.5 The iterative Gauss-Newton algorithm

Since the estimation procedure described so far uses thenaorimvariance rule, which relies on linearity, when non-
linearities are present an iterative procedure is develapavhich the estimate from each iteration is used as thetinpu
“nominal state vector” to the next one. The minimum variande for the estimation procedure gives equafion13.34, in
which the only required inputs are the total observatioriaeg,,, (from whichdY, is derived using equatién 3/14), the
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known covariance matriR(’r% and the total observation matrix,). T, requires the knowledge of a nominal state vector
)?n’n, the procedure for deriving which is developed in this settiThe output estimatiok; , of each Gauss-Newton
iteration is used to develop the total observation malyix of the next iteration until the required accuracy threshold

known as the stopping rule is reached.

In what follows the initialization of the Gauss-Newton aligiom that produces the nominal state veofgﬁ is described.
Then the stopping rule that is used to determine whether btheostate vector estimation produced is of sufficient
accuracy is outlined.

3.5.1 Initialization of the nominal state vector

The state vector used consisted of tHeup to the 18" derivatives ofx, y andz. The Gauss-Newton method is so robust
that it can be initialized with estimates of just tHé &nd # derivatives of thec andy co-ordinates. The method used to
estimate position was to average the crossing points ofehéry lines from the set of receivers. Weak crossing points
that would throw the estimate off were eliminated using thgla between the bearing lines [3]. The second derivative
was obtained using an EMP filter for each of the co-ordinates(ly). The method is covered in detail by Morrison [4].
The EMP filter used in this implementation was a 1st degreeentiestimate EMP filter. The filter finds the straight line
(degree 1 polynomial) best fit to the radar data in terms aftlequares, has an expanding memory and produces estimates
up to and based on the current time instant.

A block diagram of the algorithm is shown in Figlirel3.3.

en:yn_((zg)n—l,n—l +(Zr)n—|,n—1) n starts at zero
Yy (), =(z1), . +(6/(nt2)(nt1)e, (20,
> , ,
(z0)0

(20)n0=(20)y 10+ (2]), 1 H(2(20+ 1)/ (n+2)(n+1))e,

Figure 3.3: 1st degree current estimate EMP algorithm[3]

In this diagramy, is a vector of inputs valid up to time instat The outputSZj)nn and (z;)nn are the ¢ and &
derivatives of the smoothed data, valid at time instantThe algorithm is recursive, and starts with= 0. Since the
algorithm is self initializing the values df)nn and(z;)nn whenn = 0 are not important, and might as well be set to
0.[3].

3.5.2 The stopping rule for Gauss-Newton iteration

In order to determine when to cease iteration of our Gausgtdealgorithm, three simple tests are used. These are
described below:
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Maximum iterations limit

This rule places an upper bound on the number of iteratioatsafe allowed per state vector estimation, and simply
terminates when the bound is reached. In this implemenmtétie used only when the other two tests fail.

Perturbation vector limit

This rule puts a limit on the quantity that is being driven &od/zero, the perturbation vectdXy . The test is shown in
equatiori 3.35 |3].
is [[oX]] < €? (3.35)

Since the vectod Xy, contains values with different unitsn( ms! etc) they must be normalized to avoid higher mag-
nitude terms from dominating the calculation. This can beedby dividing each element by the square root of the

-1
corresponding diagonal element of the covariance m&yjx= (T(I]) R(’r&T) which approximate the variances of the
elements obXy, [3].

Successive estimation difference limit

As the output of the iterative algorithm converges towahgsrmost accurate estimate, the difference between sueeessi
estimations can be expected to get smaller and smaller. iffbeetice between successive estimates can thereforeede us
as a stopping rule. This is illustrated by equafion B.36,rekés the current estimation.

is H(ern)k* (Xr:ﬁ,n)kle <e? (3-36)

s

In equatiori 3,36 the same method of normalization is used eguatiof 3.35.
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Chapter 4

IDL implementation profiling

The profiling of the original IDL code on the base platform iglimed in this chapter. The radar data generator used
to provide data for the algorithm is briefly introduced, th@flof data through the simulator is outlined, and the actual

profiling results are then presented.

The pre-existing IDL implementation, shown in Figlrel4.ande thought of in terms of components external to the
tracking algorithm, and the tracking algorithm itself. Téeternal components are referred to as the external model,
which simulates the real world environment that would pdevine algorithm with data in the field. The external model
is represented by the flight path generator and radar daexaenin Figur€ 4]1. The properties of the external model ar

controlled by the parameter selection interface. Notetti@tadar data generator used in the simulator is fairly kg
and the Gauss-Newton implementation under investigasryet to be tested under more realistic conditions.

Parameter Selection

Flight path
generation

Radar data

generation

Tracking
algorithm

Displays

Figure 4.1: Block diagram of pre-existing PCL simulatoryagiten by Dr Richard Lord in the IDL programming lan-

guage, which was used to test the Gauss-Newton algorithm[2]

What is of interest here is the tracking algorithm block, ethimplements the filter model based on input data from the
external model, and that will therefore be the main focushef discussion. However a brief description of the radar
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data generator is also included to provide a clear undetistgof the flow of data into the filter. The tracking algorithm
consists of three major components:

e The Master Control Algorithm (MCA), which controls the flodata through the other components.

e The track initialization component, which provides a noahistate vectob?n’n for input to the Gauss-Newton
algorithm

e The Gauss-Newton tracking algorithm

4.1 Radar data generation

The simulated PCL radar system used a continuous wave titdisradiating at a frequency of 600MHZ & 0.499654n)
located at the origin of a Cartesian co-ordinate system.r&beiver network is set up such that 8 approximately evenly
spaced receivers are located around the edge of a circldiasrdOkm. The integration time™ for the cross-correlation
function of the radar generator was 0.25s, resulting in &nlaion samples per second. Each sample consisted of a
Doppler and Bearing reading from each of the 8 receivers.

The landing passenger aircraft tracking simulation ingel800 observation samples, made at a rate of 4 samples alsecon
thus the flight time is 200 seconds. The first set of obsemataia was sent to the tracking algorithm after 20 seconds,

and thus consisted of 80 samples. Subsequent cycles, avabisa instances, occurred every 5 seconds, and consisted
of 80 samples (20 new observations and the last 60 from théopieobservation instant).

The MCA takes in the observations as input from the radarglt@rator. The simulator generates a fresh set of observa-
tions (and corresponding simulated flight path) for eachuation run (Figuré 4]2 shows one simulation run). Note that
for this implementation the same set of receivers, radalacdaft parameters were used for each simulation run.

Profiling was carried out by gradually breaking down eackcfiomal block into logical elemental components in a top
down fashion, starting with the three major componentsijushtioned. To time the execution of functional blocks of
code through calls were made to the system clock. The piatfpecifications are shown in Taljlel4.1. In what follows
the MCA and the Gauss-Newton algorithm profiling are desttib

Table 4.1: Base platform specification

CPU family Intel(R) Xeon(TM)
CPU clock speed | 4 x 3.00GHz dual core (x84_64) with 2MB cache
Memory 2GB
Storage 2x 300GB SATA HDD
Co-processor interface PCI-X 2.0 133 MHz
Operating System SUSE Linux Enterprise Server9 (SLES9)

4.2 Master Control Algorithm profiling

The flow of control of the MCA is shown in Figuie_4.2. Each bloakthe figure is considered individually in the
discussion that follows. The input to the MCA is the vectorarfar data observations for an entire simulation.

February 4, 2010 Page: 44



2

UCT Radar Remote Department of
Sensing Group Electrical Engineering

First block: Y =Y N-L:N)

Let the vectorY be a vector of 800 observations for an entire simulation asngenerated by the external model. The
Gauss-Newton algorithm, under control of the MCA, cyclagfe first time after 20 seconds (after 80 observations have
been made), and thereafter every 5 seconds. Therefore 26bsamvation samples are input to the algorithm every cycle
or observation instant. The memory length used for the @asiens on each cycle is 80 (20 new observations, and the
last 60 from the previous cycle). Thus the most recent 80rghtiens are used in each cycle. The subsdipepresents
the most recent sample, where one new sample occurs evérgd€rands. The variableis used to represent the number
of new observations per cycle, thus= 20. On entry to the flow chaN = 80, and 20 is added td at the start of every
cycle. Thus the notatio¥ y__ . ) in the first block of the MCA flow chart represents the set ofestation samples used
for each cycleY(y).

Second block: Init Track

The input to track initialization is the vector of bearings, (extracted fron¥y,)), and the output is the nominal state

VeCtOfX(n) .

Third block: Gauss-Newton

The input to the Gauss-Newton algorithm is the covarianceirmef our observation vectoIR(*rs, the total observation

vectorY, and the nominal state vectX(n), and the output is an estimate of the state ve}{[:p)r. Note that the Gauss
Newton algorithm has knowledge of the total state vectarsitaon matrix® .

Final block: GOF

The Goodness Of Fit (GOF) decision block is based on the miniraverage of the absolute values of the perturbation
vectordX;;, the minimum observation residuals (the square roots oftime of squares of the observation perturbation
vectorsoW, anddfyn,)) and the maximum iterations limit (50). If none of the GOReria are met, then the nominal
state vector for the next iteration is set to the state veestimation Ky is set toX(*n)) and Gauss-Newton repeats. If
the GOF criteria are met théq*n) from the Gauss-Newton iteration is the best estimate of tiue SIectorX(*n)final and
becomes the output of the current cycle. If there are futbservations iry then the MCA cycles again.
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Y(n)= Y(N—L:N)
Y Y X
0o p Init Track -5
Y
. Bm)..; .
Y X
-5 Gauss-Newton |...n,
R .).((f.\)..>

Figure 4.2: Master Control Algorithm flow diagram for the IDhplementation. The notation GOF stands for Goodness
Of Fit and symbolizes the stopping rule discussed in ch&bt&he decision block labeledore legs simply determines
whether there are more observation instances remainingeisitulation. If so the simulator cycles again, if not the
simulation ends.

In profiling the MCA times were averaged over 10 simulatiees;h with a different flightpath as input. Each simulation
consists of 37 observation instances, therefore timedontain functional blocks are averaged over 370 readings. Th
results of the MCA profiling are shown in bar chart of Figlir8.4As expected the Gauss-Newton algorithm accounts
for about 94% of the execution time. As Gauss-Newton doremtte execution time and track initialization is a fairly
straight forward process, only the Gauss-Newton block wakdn down further.
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Figure 4.3: Profiling of MCA showing percentage executiongi

4.3 Gauss-Newton method profiling
The operation of the Gauss-Newton method is described here:

1. Assemble the total simulated observation vet?gg)r (using )Z(n)), and the observation perturbation vecé®f
(OY(m) =Y(n) —\7(n)) as well as the RMS residuals of the observations.

2. Assemble the total observation matfiy). This is done in a loop that iterates through the observatgonples of
the observation instance. Let the iteratoepresent a single time instance. The stages of each derate:

(a) Calculate the sensitivity matrM(X;) using the partial derivatives of the observation equatieitis respect
to the elements of the state vector evaluateq at

(b) Calculate a few rows of the total observation maffjy by multiplying the sensitivity matrix by the transition
matrix for the sample®;.

3. Transposéy, then multiply by glvmg TT R %

4. Generate covariance matrix by comput'llf@b R(})T(n), then inverting it to forn(T(E) R(’n%T(n))*l

5. ComputedXn = (T{ R Tim) T Ry Y-

6. Generate new state vector estimate for the most receatitistant: ()?n)ne,v = ()Zn)om + dXnthen build()?(n))na,\,
using the transition matricezin)and()?(n))ne,\,

7. The algorithm then tests for convergence (or goodnest offing the RMS residuals, averageXdf,, and number
of iterations that have occun@df the test is negative differential correction iteratgsia.

1The maximum number of iterations used in profiling was 50sThaximum has been found to be sufficient [citation], andéddeas never reached
during the course of the profiling.
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Conclusions

The results of the Gauss-Newton algorithm profiling are shinthe graph of Figurie 4.4. The main areas of computation
are:

e Observation perturbation vector lodg (1 above). This igletidY in the figure and accounts for about 9% of the
execution time.
e Total observation matrix loop:

— Sensitivity matrices calculatiof{2a above). Labgdadials, accounts for 26.5%.

— Matrix multiplication to calculatel,, rows [2B above). Labelefirows, accounts for 27.7%. This includes
matrix transpose and scaling to calculﬁtﬂ%R (3 above), which accounts for 6%.

Matrix multiplication and inversion to form covariance mat{above). Labele@€ovMat, accounts for 12%.

Matrix multiplications in perturbation vector calculati® above). LabeledX, accounts for 21%.

Retrodiction of state vector to all time instance. Labealkttbdict, accounts for 2.79%.

These cumulatively account for 96% of the Gauss-Newtonrdlgo execution time.
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Figure 4.4: Graph illustrating IDL implementation of Gatéawton profiling. The observation perturbation vectordoo
is labeleddY. The partial derivatives calculation for the sensitivitatnix is labeledoartials. The multiplications of the

sensitivity matrices with the transition matrices is laalrows. ThisTrows execution block includes the observation ma-
trix transpose and scaling with the error vector covarianag&ix. Calculation of the covariance mat(‘Rm R T( ))

is labeledcovMat. The multiplication of the covariance matr‘ﬂgl) R(’n) and the observation observatlon perturbatlon

vector to form the state vector perturbation vector is ladeX. The addition of the perturbation vector to the previous
state vector estimate (or nominal state vector), and tmedietion of the new state vector estimate to all time instn
using the transition matrix is labeleetrodict.
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The profiling of the IDL implementation reveal that the mosmputationally expensive areas of the algorithm are the
arithmetic operations in calculating the partial derivesi of the observation functions, and the high dimensionirmat
multiplications. The partial derivative calculations st of a large concentration of double precision arithmetipeated

in a loop.
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Chapter 5

Implementation of Gauss-Newton tracking in
C

This section outlines the methodology used to port the Ghlesgon filtering algorithm to the C programming language
and the results of profiling and accuracy testing.

5.1 Description of Implementation

Input from the original IDL external model is used, and thépo was tested using IDL code adapted from the original
simulator. This is illustrated by Figute 5.1. The flightpaifd radar data generator from the IDL simulator was used
to write the simulated (external model or “actual”) flightipand the associated set of radar observations to file. These
radar observations were read by the C program, and an imptatian of the tracking algorithms used to develop an
approximation to the flightpath using Gauss-Newton. The @lémentation wrote the approximated flightpath to file,
which was then read by another IDL program (again adapted fre@ original simulator) along with the simulated actual
flight path, which were compared in accuracy testing.

C IDL
IDL implementation

i Tracking
Flightpath ! Radar data | | > algorithm ] Accuracy
generator generator with profiling Testing

(vtune)
v v v
Actual L] Flightpath | |
flightpath —‘ Radar data approximation
Data on file

Figure 5.1: Block diagram of C implementation of algorithriithnaccuracy testing and profiling
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The tracking algorithm implementation in C was similar te fibL version. The overall functionality is illustrated by
Figurel5.2. The main differences between the C and IDL vessiare as follows:

e Some of the syntactical conveniences of IDL such as vectdmaatrix operations are unavailable in standard C,
their implementation was however a trivial programmingctas

e Mathematical operations such as sine and “square root” thaparate implementations in C and IDL.

e The matrix multiplications and inversions involved use BAAS ATLAS library in the C implementation. ATLAS
(Automatically Tuned Linear Algebra Subroutines) libesriare optimized for the host processor architecture at
build time.

E]
compute CD(n)’ R o

Get receiver positions
from file

\
Get Y from file

Y(n)= Y(NiN)
Init track: X

)
it X

Calc T(n)and BY(n)

Calc covariance
Calc 58X and X’
n,n n,n

Extend to X'
(n)

converge

X final(n) X (n)
write X to file

final(n)

yes

no

Y88 —Sims=sim
ma;

Figure 5.2: C implementation of Gauss-Newton algorithmr the most part the C version mirrors the original IDL
algorithm code, subtle differences can be seen due to thelbigl nature of IDL which implements programming
conveniences such as vector and matrix operations whiamanailable in standard C. The C version utilized the ATLAS
BLAS library for the various matrix operations involved tmetalgorithm.
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Figure[5.2 is explained as follows:

e First block: compute the covariance matrix of the total obaton vector and the state vector transition matrix,
read the receiver positions from file.

e Second block: read the 800 observations for an entire strnolrom file.

e Third block: read the total observation vector for the cotreycle (observation instant) from 800 observations.
Use this to initialize the track (compute the nominal stagetor), which is then used to initialize the state vector
estimate.

e Fourth block: calculate the total observation matrix arel dhservation perturbation vector. Use this along with
the observation vector covariance matrix to develop theupeation vector, which is used to refine the state vector
estimate. The state vector estimate is then retrodictelil ima instances using the state vector transition matrix.

e Test for convergence: if yes write the state vector estinfide, otherwise replace the nominal state vector with
the current estimate and iterate Gauss-Newton again freguhe fourth block).

¢ If Gauss-Newton has converged: If the aircraft flight pathas complete (there are more observation instances)
then return to the third block and cycle Gauss-Newton agaituin to the third block). Otherwise start the next
simulation. The number of simulations to run is set as a patanin the header file.

5.2 Cimplementation accuracy testing

The flightpath approximation from C was compared with theialctlightpath generated by the IDL simulator using a
simple IDL program. The accuracy was tested for 60 simutaticach with a different flightpath. Each simulation
consisted of 37 observation instances, thus the accuraaydaken over 2220 executions of the algorithm. The acyura
of the position and velocity output of the C implementatieriliustrated by the graphs of Figure b.3. These accuracy
values compare favourably with those of the original IDL &adlewton implementation.
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Figure 5.3: Graphs of comparative C and IDL implementaticouaacy. The variables shown are position and velocity in
the X/Y plane, as well as altitude and its rate of change. Vireasge error over 2220 executions is shown in the top graph,
followed by the standard deviation of these errors, andlfitlaé maximum error of each state vector variable in the lowe
graph. As is evident from the graphs, the accuracy of the Gamentation compares favourably with the original IDL
version.

5.2.1 Single precision accuracy testing

A version of the C implementation using single instead ofldeyrecision for the data structures was also tested. This
would have been of benefit when offloading computation to fleaiSpeed board, both in terms of data transfer overhead
and the limited memory (particularly poly memory) avaikabin the card. Unfortunately single precision accuracy was
found to be insufficient for the Gauss-Newton algorithm. Témults of computation in the single precision version were
progressively inaccurate as the errors propagated, tHefata vector estimates consisting of NaN (Not a Numbegesl

A NaN is generated when arithmetic operations are performnddfinity and zero (resulting from arithmetic overflow or
underflow respectively). It can therefore be concludedshagle precision was insufficient for the C implementation.
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5.3 Cimplementation profiling

The results of the C implementation profiling are shown_ih $He times shown are in micro-seconds and are for a single
Gauss-Newton iteration.

The observation perturbation vector and total observatiatrix loops were combined in the C implementation, this is
labeledT matrix in Figure[5.4.
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Initialise Track T Matrix covariance dX retrodict

Figure 5.4: Execution times for Gauss-Newton C version. Thatrix block consists of the total observation matrix and
observation perturbation vector calculations. Toeariance block is the matrix multiplication and inversion involved
in developing the covariance matanl'(I])R(’n%T(n))*l. dX signifies the perturbation vector calculation, aeftodict the
retrodiction of the state vector to all time instances.

Figure[5.b shows how computation of the total observatiotrimes split between the development of the sensitivity

matrix M()?(n)), and the multiplication 0M(>?(n)) by ®. The bar labeled sensitivity also accounts for the calmnabf
the observation perturbation vec@Y|y,.
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Figure 5.5: Execution times for observation matrix C impégtation. The sensitivity block includes the sensitivinda
observation perturbation vector calculation.

Figure[5.6 shows a break down of the covariance matrix caficul execution. Computation is split between the ma-
trix multiplication (DGEMM) that produce§(E)R(’n§T(n) and the inversion of that matrix. DGETRF performs the LU
decomposition that produces the pivot vector for the matsersion, while DGETRF performs the actual inversion.
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clapack_dgetrf dgemm

Figure 5.6: Execution times for covariance matrix C versidgemm Performs the multiplication oT(I])R(’n% by Tn)-
clapack dgetrf andclapack dgetri implements the inversion of the result.

Figure[5.Y shows where the double precision matrix muttigion (DGEMM) execution time is spent. The matrix multi-
plications in computing the total observation matrix tethke fongest, followed by the perturbation veadot, n, covariance
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matrix (inverse), retrodiction of the state vector and finaiultiplications used by the matrix inversion library fttions
(for the covariance matrix).
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Figure 5.7: Distribution of matrix multiplication execati times for C version

Comparing the percentage execution times of C to IDL shows iththe C implementation matrix multiplication is
relatively inexpensive. This can be attributed to the optéd matrix multiplication routines used in the C implenatitn,
which makes use of the ATLAS BLAS library. ATLAS librarieseatuned specifically for optimal performance on the
host platform at build time. The C and IDL execution times@wmpared in Figurg5.8.
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Figure 5.8: Comparative C and IDL profiling graph. Matrix tipiication is relatively inexpensive in the C implemen-
tation because of the use of the ATLAS BLAS library which igioyally tuned for performance on the host platform at
build time.

Conclusions

The Gauss-Newton algorithm was successfully implememtétti, accuracy results that compared favourably with the
original IDL implementation. The performance of the C versivas 1.38 times faster than the IDL implementation,
mainly due to the efficiency of the hardware tuned ATLAS BLASdry.
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Chapter 6

Acceleration of the Gauss-Newton algorithm
with ClearSpeed

This section contains a description of the investigatioth iamplementation of co-processor offloading in order to &cce
erate the Gauss-Newton tracking algorithm for PCL. Thegtesiage is detailed, including flow charts and performance
prediction. The implementation is then discussed, folldwe a description of the code verification and profiling.

6.1 Design of ClearSpeed assisted implementation

The code sections identified as candidates for ClearSpexieaation are those that involve unroll-able loops, am th
double precision matrix multiplication linear algebra tiaes. Unroll-able loops exhibit data independence betwee
consecutive iterations, which means the iterations maybegssed simultaneously.

The sections of code identified for ClearSpeed acceleratiershown in Figure 6.1 (note that this is a simplification of
Figure[5.2). The lines shown in red contain computationalignsive unroll-able loops, and the areas in blue con$ist o
high dimension, double precision matrix multiplicatiorhée sections account for approximately 75% and 16% of the
execution time of the algorithm respectively, as shown @tiea[5.3. The proposed acceleration of each of these afeas o
code will be outlined in the following sections.
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Y(n)= Y(NEN)
Init track: X
(n)

Init X'

(
Calc covariance

Calc &X and X
n,n n,n

Calc T and®dY
n) (n)

Extend to X*
(n)

=X

(n) | (n)

Figure 6.1: Identification of areas of computation as caagisl for ClearSpeed acceleration. The lines shown in red

contain computationally intensive unroll-able loops, dhne areas in blue consist of high dimension, double preatisio
matrix multiplication.

A flowchart of the intended implementation is shown in Fidai2. This diagram shows one cycle of the Gauss-Newton
algorithm. The observation data used to comp@pg: anddY(, is updated after convergence every cycle as explained in
sectior 4.P, but is omitted from this flowchart for simphcitn this proposed implementation separate processoiiseon t
Advance CSX600 board would be used for the parallel T ma#igudation and the CSXL library calls to avoid overhead
in unloading and reloading the T matrix program betweemitens.
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Init track:?(n)
Init X'n .

e

Y(n) —> CSX600

Wait for?(n)

signal input ready

Calc 6Y(n)

Calc T(n) in parallel

Wait for T o

result ready signal

T(n) «— CSX600

X = (TR'TY'T'R'8Y
using CSXL accelerated matrix multiply

Retrodict to all time instances (producingT(n))
using CSXL accelerated matrix multiply

Figure 6.2: Intended ClearSpeed accelerated Gauss Nemfernentation flow of control. The sections of code iden-
tified as candidates for ClearSpeed acceleration were thesking loops with no data dependency between iterations
and the high dimension double precision matrix multipimwas.

6.1.1 Proposed acceleration of the total observation matkicalculation

Unrolling the loop that calculates the total observatiortrirdl(,) and perturbation vectof,, presents a problem. Re-
stating equation 3.22:
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M (Xn)
M (Xq—1)®(—T)

T(n) =\ - - (61)

M(Xn) is the sensitivity matrix for one time instant, and is casdatl using the partial derivatives of the simulated observa
tion equation (equatidn 3.13) with respect to the elemeftisenstate vector, evaluated using the nominal state végtor
T(n) is computed by looping through the samples that make up desafigervation instant or Gauss-Newton cycle (time
instances — L to nwherel = 80 as previously stated). During the iteration for any omegdan — i, the sensitivity matrix

is first calculated usindn_i, then a block of rows of,) are calculated using the matrix multiplicatith(X,_i ) P(—i.T).
Recall from equation 3.18 that the sensitivity matrix dirsiens depend on the length of the state vector and the number
of observation variables. A combination of Doppler and bgpfsplit into sine and cosine) observations results irtal to
of 24 observation variables (3 observation variables o ed@ receivers) per sample. A 10th degree polynomial in
three dimensions is used for filtering, thus the state vdwsra length of 33. The sensitivity matrix for a single sample
therefore has dimensions of 24x33 (see sedfion]3.3.2).eSDVXL library functions can only be called from Cn code
when the matrices involved have dimensions that are me#tipf 96, this matrix multiplication must be implemented
manually.

There are 80 samples in a single Gauss-Newton algorithne cgald therefore 80 sensitivity matrices in the T matrix
calculation. It was planned to calculate each of the seitgithatrices on a processing element of the CSX600 processo

The two matrice (Xq_i) and®(—i.T) are shown in Figurds 8.3 ahd 5.4 respectively. The areasrshewvhite space
represent zeros.
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Figure 6.3: Structure of the observation sensitivity mxagtiowing sparse nature
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Figure 6.4: Graphical representation of state vector tiananatrix structure showing sparse nature and data réaucy

M(Xn—i) consists of the partial derivatives of each observatiorction for each of the eight receivers. The planned
implementation calculated the partial derivatives forrei@ceiver in a loop. Each iteration of the loop thereforewiated
three rows of the sensitivity matrix, one for each obseoratiariable. The transition matriR(—i.7) consists of the same
eleven values repeated over the sparsely populated metdys dependent only on the sample instant and does notehang
between loop iterations (since it is receiver independefte data requirement for the calculation on each procgssin
element is shown in Table®.1.

Table 6.1: Sensitivity matrix calculation poly data reguirent per processing element

| data structure description | dimension| size |
X nominal state vector 6 48B
Krewr receiver co-ordinates 8x3 192B
M (Xn—i)k sensitivity values for one receiver 10 80B
®(—i.T)smar | non redundant transition matrix 11 88B
Trow one row of observation matrix 33x3 264B

* intermediate variables ~20 ~ 160B
| | total space requirement | | ~830B |
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The flow of control diagram describing the intended impletagon on one processing element is shown in Fiurke 6.5.
The data redundancy in the matrices involved mean that tlalation of each element in a row of the total observation
matrix consists of just two double precision multiplicaiscand an addition. This is immediately evident from thecitme
of the matrices in Figurds 8.3 and.4. Lining up each of thesrof M(X,_;) with the columns ofd(—i.T) shows that
there are only ever a maximum of two non zero elements forddéian that make up each output matrix element. The

calculation would normally consist of 33 multiplies and 2Ridions, if the matrices involved were dense.

Receiver independent
computation

Calculate sensitivity matrix
for one receiver (10 values)

Calculate a row of
observation matrix

Send row to mono memory For
I eight
receivers

Calculate a row of
observation matrix

Send row to mono memory

Calculate a row of
observation matrix

Send row to mono memory

Figure 6.5: Total observation matrix computation on onea€3peed processing element

6.1.2 Prediction of performance of accelerated observatiomatrix calculation

The performance prediction calculation made the follovasgumptions:

e Pointer de-referencing and arithmetic takes an amountwd that is insignificant compared to double precision
arithmetic and so can be disregarded! [15]
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e The latency between the processing element poly SRAM antcetfisters is negligible compared to computation
and the latencies between the other tiers of memory and mdistegardeo [9].

e The bandwidth between the various tiers of memory time takeset up transfers between the various tiers of
memory is negligible

e The time taken per instruction were calculated from theeydunts for various low level instructions from the
ClearSpeed Instruction Set Reference Manual [15]. Thisish@nt warns that the cycle count may vary according
to external factors such as memory latency.

e The PCI-X 2.0 133MHz through-puts for the various data $tmes exchanged between host and coprocessor were
determined empirically. Dummy data was repeatedly semddi@m the card and the profile data extracted by the
runtime environment averaged to determine expected earates. The expected transfer rates for the various data
structures are shown in Talfle b.2.

e The internal bandwidths of the ClearSpeed card were exldodm ClearSpeed’s architecture overview [9].

¢ All the variables are stored as named variables in the polyaong space. This was not necessarily the case in the
implementation. Certain intermediate values were definede as literal floating point values rather than named
variables, which adversely affects performance.

Table 6.2: Transfer rates for total observation matrix @igliiton data structures
[ structure | dimensions| size (B) [ source[ destination] bandwidth[ time (us) |

nominal state 80x3 1920 host mono 44 43.6
Trows 33 (x3x8) 6336 poly mono 30 211
| T | 1920x33 | 506880| mono| host | 660 | 768 |

The number of instructions involved in the calculation af tbtal observation matrix for one Gauss-Newton iteration o
the ClearSpeed card is shown in Tdblg 6.3. The first columwslhine various intermediate variables that are used in the
calculation, and each row records the number of computatieguired for that variable.

Table 6.3: Number of instructions for T matrix calculation

# calcs add mult div comp pow Jsart Joranch |
Dopplerconst 0 1 2 g o of o
A 2 3 q [ q q q
B 2 0 0 1 3 1] o
receiver loop E 0 q q q of q
X,y,2 min 24 0 0 0 0 0f o
densquareds 8| 0 0 8| 16| OH OH
densquared2 0 g g 0 0 g [l
c 16 24 q q q q q
D 16 0 0 g 24) El o
dfdx,y,z 72 48 96| q 48 qf o
dfdx,y,z dot 24 q 48 q 0 of o
BigA 0 80 32 0 16 [l 0
T 1st row loops 240| 0 0 0 0 OH 264H
T 1st row calc 240) 504) q q q q q
T 2nd row loops 264 0 0 0 0 q 288
T 2nd row [ 176 q q q qf [l
T 3rd row loops 264 0 0 0 0 0f 288
T3rd row 0 176 0 0 0 q [l
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The expected times for the calculation are shown in Table &k first row shows the expected time for each of the
instructions involved as recorded in the ClearSpeed CSX@&t@uction set reference manual[15]. The following rows

are obtained by multiplying the times for each instructigrttie number of times the instructions are used in each line of
code.

Table 6.4: Predicted times for T matrix computation indtiares

add mult [div comp lpow lsart lbranch |
[Time (us) 2.3868]  2.38E8]  6.86E7  1.90E8]  3.62E-5]  8.54E6]  9.52E9
Dopplerconst 0.006+0]  2.38E-8]  1.37E-6]  0.00E+0]  0.00E+0]  0.00E+0]  0.00E+0
A 4.76E8)  7.14E8  0.00E+0]  0.00E+0]  0.00E+0]  0.00E+0]  0.00E+Q
B 4.76E8]  0.00E+0] 0.00E+0]  1.90E-8]  1.09E4]  8.54E6]  0.00E+0
receiver loop 1.90E-7l  0.00E+0]  0.00E+0|  0.00E+0]  0.00E+0|  0.00E+0]  8.57E-8
X,y,2 min 5.71E7]  0.00E+0|  0.00E+0]  0.00E+0|  0.00E+0]  0.00E+0]  0.00E+0)
densquareds 1.90E-7]  0.00E+0|  0.00E+0]  1.526-7]  5.79E4]  0.00E+0|  0.00E+0)
densquared2 0.00E+0  1.90E-7]  0.00E+0]  0.00E+0|  0.00E+0]  6.83E-5|  0.00E+0)
c 3.81E7  571E7]  0.00E+0]  0.00E+0]  0.00E+0]  0.00E+0]  0.00E+(
D 3.81E7]  0.00E+0] 0.00E+0]  1.52E-7]  8.69E4]  6.83E5]  0.00E+0
dfdx,y,z 17166 1.14E6]  6.58E5] 0.00E+0]  1.74E3]  0.00E+0]  0.00E+0
dfdx,y,z dot 571E-7] _ 0.00E+0]  3.20E-5|  0.00E+0]  0.00E+0|  0.00E+0]  0.00E+0
BigA 0.00E+0|  1.90E-6]  2.19:5]  0.00E+0]  5.79E4]  0.00E+0|  0.00E+0)
T 1st row loops 571E6]  0.00E+0|  0.00E+0]  0.00E+0|  0.00E+0]  0.00E+0|  2.51E-§
[T 1st row calc 5716-6]  1.20E-5|  0.00E+0]  0.00E+0]  0.00E+0]  0.00E+0|  0.00E+0)
T 2nd row loops 6.29E6]  0.00E+0]  0.00E+0]  0.00E+0]  0.00E+0]  0.00E+0|  2.74E-6|
T 2nd row 0.00E+0)  4.19E6]  0.00E+0]  0.00E+0]  0.00E+0]  0.00E+0]  0.00E+(Q

Adding up the expected instruction execution and data featisnes gives a prediction of 5.27 ms for the development
of the total observation matrix for one Gauss-Newton iterat The observation perturbation vector calculation sake
approximately 2.3 ms on average on the host. Therefore tiveofiaontrol shown in Figurg 6l 2, where the host calculates
the observation perturbation vector and then waits foraked bbservation matrix to be computed, would be expected.

6.1.3 Prediction of performance of CSXL matrix multiplications

The matrix multiplications involved were found to not be alited for ClearSpeed acceleration. Testing the speed of
CSXL library calls against the host ATLAS libraries showhdttall of the matrix multiplications involved were not a fit,

as is shown in Figurie 8.6. In most of the matrix sizes, fairlgndatic performance degradation was seen. This illustrate
the main drawback to co-processor acceleration, that wieproblem size or type does not fit the hardware of the co-
processor, no significant performance benefit will be searsome cases, as in this one, performance degradation can
even result. Consider the matrix multiplicatidb= Ax B whereA is an m by k matrixB is a k by n matrix an€ is the m

by n matrix resulting from the multiplication of the two. @kSpeed’s DGEMM routine performs best when m and n are
multiples of 192 and k is a multiple of 288 [11]. The only siioa where any of these conditions are satisfied is the first
multiply of the state vector perturbation vector (labetedMat x TTR-1 in Figure[6.6) where n=1920, however m=k=33
and the performance is still inferior to ATLAS.
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Figure 6.6: CSXL vs ATLAS matrix multiplication executiomes. The main matrix multiplications of the algorithm
were tested for performance, the graph shows executiors fiané00 iterations of each multiplication. Here the synsbol
m, n and k represent the dimensions of the matrices in thepticéttion where an m by k matrix has been multiplied
by a k by n matrix, the resulting matrix being m by mrows represent the multiplication of the sensitivity matrix for
a sampleM(X;) (24 by 33), with the transition matrix for that samphe (33 by 33). CovMat represents the inverse
covariance matrix calculation Whe(E(I]) R(*ré) (33 by 1920) is multiplied byf(,) (1920 by 33).covMat x TTR-1 is the
multiplication of the covariance matri)(cl'(ﬁ) R(’n%T(n))*l (33 by 33), With(T(E) R(*r%) (33 by 1920). The perturbation vector
dX is calculated by multiplying the 33 by 1920 result of the poers multiplication with the total observation perturloeti
vectordYpy (1920 by 1)

The matrix sizes shown in the graph correspond to the mauiplications show in TablE®@l5. A and B are the matrices
involved in the multiplication, where A igxk, B is kxn and the output matrix isxn. The times shown are in seconds
and are for 100 calls of the matrix multiplication libraryniction.

Table 6.5: Matrix sizes involved in Gauss-Newton filtering

| A | B [m][ n | k | output | CSXL (s) | ATLAS (s)
M (X)) ® [24] 33 [ 33 24 rows ofT(y 0.09 0.02
ThRa Tn | 33] 33 | 1920 ThRaTo) 0.82 0.73
(ThRaTm) ™ ThR, | 33]1920] 33 | (TR, Tw) 'THRy | 128 0.66
(ThRaTm) TR | ow [33] 1 | 1920 3Ypn) 0.29 0.11

6.2 ClearSpeed assisted Gauss-Newton algorithm

This section describes the final ClearSpeed assisted inepliation, as well as the accuracy and performance profiling
results.

6.2.1 Description of ClearSpeed assisted implementation

The implementation phase involved iterative coding andfieation using black box testing on a functional unit by
functional unit basis. This was done by sending relevantas to the ClearSpeed card, running the unit in question on
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the co-processor, then reading the output and testing tmracy. If an error could not be identified by code examimatio
after a failed unit test, the ClearSpeed debugger was uskid. allowed tracing through the flow of control of the co-
processor accelerated unit. Simultaneous tracing thrtheghinassisted code allowed comparison of the sequerital st

of the host and accelerated versions in order to identifyetheneous section of code. The ClearSpeed implementation
flowchart is shown in Figurie @.7. This shows how the procesisishared between the host and the accelerator board, as
well as the interactions between them.

Y — CSX600 ]
) Wait for W )
signal input ready, for card o
— Init track
‘ Wait for X ‘
(n)
[ card.result ready, signal
‘ X CSX600 r
()
\
X =X
n,n n,n
‘ Calc T(n)
‘ Calc 5Y ‘
(n)
Wait for T i
| il card result ready signal
T, < CSX600
()
6X'1 0= (T'R'T)'T'R'8Y
[
‘ X =X +8X
n,n n,n n,n
Wait for X’
n,n
signal converge>
‘ X — CSX600 ‘ X — CSX600
n,n ‘ n,n ‘
‘ signal | ‘ signal | ';;F;‘:jty
L] i : ‘
Retrodict
Wait for X’ yes

final(n)

n
converged?

signal

X | < CSX600

final(n

Figure 6.7: ClearSpeed accelerated Gauss Newton flow céamputations offloaded to the ClearSpeed card were track
initialization, calculation of the total observation matand state vector retrodiction. Acceleration was attexdpiy
removing redundant data and unrolling loops

During implementation of the algorithm it was decided toadfl the track initialization and state vector retrodiction
computations to the ClearSpeed card additionally to thal mibservation matrix calculation. The track initializati
procedure contains unroll-able loops. The retrodictiolcudation consists of matrix multiplication within an uriro
able loop. Since the matrices involved are sparse, proggsss reduced by removing redundant data. The output of
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retrodiction was previously the 10th degree polynomiakstactor. Since only thé'Dand # derivatives were required to
replace the nominal state vector for consecutive iteratifimecause the sensitivity matrix calculation requirdg throse
two, see Appendix C), computation of higher order derivettiwas removed from the retrodiction step.

The total observation matrix calculation was implementedescribed in sectidn 6.1.1.

6.2.2 \Vrification of ClearSpeed assisted implementation

The accuracy of the ClearSpeed accelerated code was testsdilar fashion to the C implementation. A block diagram
of the MCA is shown in Figure®l8.

IDL C Cn
flightpath gen
Gauss-Newton Gauss-Newton
host side co-processor side
v
radar data gen

v

accuracy testing

CSGDB CSVPROF
debugger profiler

v

Figure 6.8: ClearSpeed accelerated Gauss-Newton MCA

The accuracy results verify the correct functionality &f tblearSpeed accelerated algorithm (Fidiure 6.9), howkeaet
sults showed that the ClearSpeed accelerated implen@natduced estimates an order of magnitude less accueate th
the IDL version. This can be attributed to the differenceadnuracy of the card side matrix multiplication and the IDL
and BLAS library routines. This is supported by examining éverage values of the perturbation vectX ), which
show that in the accelerated version perturbation vecter avaaverage larger than that of the unaccelerated algorithm
(Table6.6)
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Figure 6.9: ClearSpeed accelerated accuracy results. THzSpeed results are an order of magnitude less accurate
than those produced by the original IDL implementation, &eer still sufficiently to meet the stopping conditions oé th

algorithm as defined by Morrison/[3]

Table 6.6: Comparative stopping rule statistics of C impatation and ClearSpeed assisted algorithm. The larger
average perturbation vector of the accelerated implertientsuggests that the ATLAS BLAS library implementation of

matrix multiplication is more accurate than the customteritcard side calculation.

Iterations| averagedX, | Doppler residualg bearings residual

"z

C 4.49162 5.46657 7.18154 0.00658

CSX | 4.52189 5.65714 7.19699 0.00658

An example of the visual output of the IDL accuracy testing ba seen in Figure 6,110, which shows how the landing
aircraft's X/Y co-ordinates are successfully tracked yyalgorithm. As was the case with the IDL and C implementation
the aircraft altitude cannot be successfully estimateddltieere being insufficient available data from the limitednier

of receivers. This is discussed in chajfer 7.
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Receiver Layout and X/Y Flight Path [N EES)
rer Lay ¢ Flight Path

Figure 6.10: Accelerated tracking output visualizatiothwDL simulator program. The successful X/Y tracking of the
aircraft is evident, as is the inaccuracy of the estimatétldé due to the limited number of receivers in the PCL radar
network.

6.2.3 ClearSpeed accelerated algorithm profiling

The ClearSpeed accelerated algorithm was profiled usin@gtbarSpeed debugger. The output was viewed with the
ClearSpeed visual profiler, and entered into a spreadsbesglotv its performance to be compared with the host ver-
sion. The performance results are shown in the graphs ofésfii 1l and6.12, which show the profile of the host and
ClearSpeed interactions and processing. The graphs areraalded to show simultaneous host co-processor execution
For example the orange blocks in the figures shows that winl€©SX600 processor is calculating the total observation
matrix T, the host reads the nominal state vec)fp,; from the card, calculates the observation perturbatiotoveXy|y,

and then waits for the CSX600 calculation to complete. Atfies the red block shows that the card waits for the new state
vector estimateX; ,, while the card read§ ), calculate®X; , (and thenXy ,, which is not shown as the execution time
is negligible) and then writeX; , to the card.
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Figure 6.11: ClearSpeed accelerated host processingeprbfidte that the first block (navy) is the write brg block that
writes the bearing observations to the ClearSpeed cardwiiteeX block writes the state vector (10th degree polyndmia
in 3 dimensions) to the card. The final read state block (ydli@ads the position and velocity retrodicted to all time
instances in 3 dimensions back from the card.
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Figure 6.12: ClearSpeed accelerated card side processifitep Note that the first and last block (navy and yellow
respectfully) are the wait obs blocks in which the card whitsthe bearings observations from the host. The first wait
obs block happens while the bearings are being written todhd, and the last one occurs while the position and velocity
estimate is being read back from the card.

The performance increase of the final accelerated impleatientcan be seen in Figure 6113.
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Figure 6.13: ClearSpeed accelerated performance incgeaph

Conclusions

The accuracy results verify the correct functionality of learSpeed accelerated algorithm, however the reswahigesh
that the ClearSpeed accelerated implementation prodistedates an order of magnitude less accurate than the IDL
version. The final implementation resulted in about a 2.224 speedup on average.
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Chapter 7

Conclusions

7.1 Limitations of implementation

The implementation was capable of estimating target posdind velocity in two dimensions. However target altitude

estimations were not particularly accurate under the sitiar conditions used. This was due to the limited nhumber of
receivers used in the simulated radar system. If more rereivere added to the PCL network, the input data set would
rapidly multiply to an impractical size considering the ilied available poly memory.

The accelerated Gauss-Newton implementation was tested¢aracy against the IDL version only. Therefore its func-
tionality in the field is contingent on the real-world applitlity of the pre-existing IDL code, which is yet to be tekte
The IDL radar data generator used is fairly simplistic, #fiere neither implementation has been tested with morestieal
data. The accuracy results verified the correct functibnafithe ClearSpeed accelerated algorithm, however thdtses
showed that the ClearSpeed accelerated implementatidn@ed estimates an order of magnitude less accurate than the
IDL version. This can be attributed to the differences inuaiacy of the card side matrix multiplication and the IDL and
BLAS library routines, as supported by the difference in magles of the average state vector perturbation vectas us

in convergence testing (see Tablel6.6).

7.2 Comments on programming with ClearSpeed

The ClearSpeed programming model has a two to three weekitgacurve, as it is fairly straight forward. Users
experienced in parallel programming will find ClearSpeeappamming even easier to adjust to. Due to the hefty price
tag of the card, significant performance gains are requaretake porting applications feasible. These performanicesga
will only be seen if the problem is either data parallel wiigthcomputation to data transfer ratio, or if linear algebra
problems of a specific size are being solved. The amount gfppemory present is a major constraint, as is the bandwidth
between mono and poly memory. These two constraints oftritri@ performance penalties as the program is forced to
continually swap data between mono and poly memory if tha slet is too large. Single or even half precision should be
used wherever possible.
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7.3 Results of acceleration

Direct acceleration of the matrix operations via the predicClearSpeed accelerated library functions was not fieasib
The sizes of the matrices used were not conducive to CleadSpeeeleration, even after tweaking the host assist enviro
ment variable (refer to secti¢n 2.3). Further investigattoncluded that a moderate speedup could be attained throug
parallelization of the total observation matrix calcudati This acceleration was possible partly due to the spaiddata
redundant nature of the input matrices. This allowed reduhdata and calculations to be eliminated in the matriximult
plication. The CSXL library implements standard BLAS algans and therefore does not do any matrix value analysis
and all matrices are assumed to be dense. The reasoninglliblsiris that the processing penalty in analyzing matrix
values at runtime would outweigh the performance benefitvtloald result. Optimization at the programming stage can
result in performance benefits but requires in depth knogdexthd understanding of the algorithm and its data strugture
The trade off is always between performance benefit and marsispent tweaking the code.

The final implementation resulted in about a 2.22 times speed average. Th§, matrix anddY|y, vector calculation
(executed in tandem on host and co-processor) had an apm@teP.75 times speedup on average. The design stage
predicted an execution time of 5.14e3 microseconds for giesiteration of theT,) and Yy, calculation, whereas the
implementation averaged around 5.52e3 microsecondgeaatite arising from the assumptions made in the perforenanc
prediction (see sectidn 6.1.2).

Given the amount of programming effort required to achidwg tnoderate speedup, it can be concluded that the Gauss-
Newton algorithm is not a good fit for ClearSpeed assistedlacation.

7.4 Future work

Further work could be done in making the implementation ngengeral, allowing for more receivers or different aircraft
and radar parameters. Accounting for additional receimensld be particularly difficult as the data structures iveal
would increase in size significantly, however the second &®Morocessor on the board could perhaps be used to allow
for this. Additionally it could be worth considering the itementation of a card-side matrix multiplication applioat

fine tuned specifically for the matrix dimensions involvedhie Gauss-Newton algorithm.

Given the expensive nature of the ClearSpeed cards, andtiimate goal of reducing costs through PCL tracking, it
would be worth considering cheaper alternative optionstekerate the Gauss-Newton filtering algorithms. This wbns
eration is further motivated by the fairly moderate speedlitieved by the implementation, and the relative inacgurac
of the tracking estimates produced. These might includmogtsuch as GPGPU'’s and FPGA technologies, although
the requirement for double precision might be restrictihGRGA's are to be used. The ClearSpeed accelerated code
developed in this project might be used as a starting poirgifoh an investigation or implementation.

For the Gauss-Newton tracking algorithm to ultimately befukin the field, it should be able to track multiple targets
simultaneously. While this appears to be an inherentlyljghpoblem, the multiple target filtering algorithm sti#quires
further work. Problems that are still to be solved centreadk identification (how to identify which data belongs toigéh
target).
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Appendix A

This section describes the method of local linearizatiorctviis used to impose linearity onto the differential eqoiati
that governs the filter model used in Gauss-Newton trackindilter engineering the only way to estimate the state of
a system that is modeled by a non-linear differential eguais to impose linearity, and if we fail to do so we cannot
proceed|[3].

First recall from equation 3.10 thXh = X, + 5Xn. Substituting this into a non-linear filter model resultepuatio 7.1
[3]. B B
D (Xa + 0X%n) = F (Xa 4 0Xn) (7.1)

Expanding the left hand side [of 7.1 gives equafiioh 7.2. Eagdbe right hand side of equatidnsi7.1 7.2 allows us to
define the ¥ derivative of the perturbation vector, as stated in equéfig.

D (Xn+ 8Xn) = D Xn+ D 8%y = F(Xn) + D X, (7.2)
D 8%y = F (Xn+ 8%n) — F (Xn) (7.3)

For the sake of this explanation we will assume that the stat¢orX, (and therefore the nominal vects and the
perturbation vectobX,) consists of two elements. i.€%, = (xg, xz)T. Note however that the following discussion
applies just as well to the general case whéyes a vector of arbitrary order. We can then rewrite the pégtion vector

differential equation as:
D OXq _ fj_()zl + OXq, )Ez + 5X2) B fl()zl, )32) (7.4)
(20 f2(X1+ OX1, X2 + OX2) f2(x1,%2)
As shown by Morrison|3] we can apply a Taylor’s series exj@mfor two variables to each of the equation§inl 7/4 [3].

If we apply a Taylor’s series expansion to the equation irfitlserow the result is equatidn 7.5 [3].

f1(X1 4 Oxg, X2 4- O%2) — f1(X1,X2) = Ox1 Dy, f1(X1,%2) [, +0X%2Dx, f1(X1,%2) |x, (7.5)

In[Z.3 the following applies:

e Dy, is the partial derivative with respect xg.
e Dy,is the partial derivative with respect xg.
e |x, means that the partial derivatives are evaluated usingé¢nesats ofX,.

Note that all the higher order terms have been dropped satf7fh is a ¥ order expansion. This can be done because
when functioning correctly the Gauss-Newton proceduraiieely increases the accuracy of our estim&tend therefore
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O0X, eventually becomes negligible. Thus the higher order tmidgch will contain powers oBx; anddxy) should be
insignificant [3]. If the same method of expansion is apptiethe second equation and things are rearranged, equation
[Z.4 can be restated @s17.6 [3].

D 5Xl('[) _ DX1 f]_(X]_(t)7 Xz(t)) sz fl(Xl('[), Xg(t)) 6X]_(t) (7 6)
Oxa(t) Dy, f2(xa(t). %2(t)) Dy, f2(xa(t). X2(t)) /74 \ O%e(t) '

We have generalized to any time instaand in doing so stressed the time dependence of the stasdleari Generalizing
equatio 76 to an arbitrarily sized state vector, we novelslnear form (equatidn4.7) [3]. Thus we have gone from the
non-linear equation describing the filter model to the lirfeam of the perturbation vector differential equationgasing

we have a nominal state vectétt) that differs from the true state by the perturbation vedtstt)).

DSX(t) = A(X(t)) 8X(t) (7.7)

In the preceding the matriX(X(t)) is known as the differential equation sensitivity matrik [B X andF arem-vectors
we define the sensitivity matrix in equationi7.3 [3].

IAX())];; = 0fi(Xe... Xm) /0 |5y 1, =1...m (7.8)

This states that thiejt" element of the sensitivity matrix is calculated by taking trerivative of thé'" function of F with
respect to thé!" element ofX, evaluated using the elements of 05(1).
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Appendix B

This appendix presents the partial derivatives of the alasien equations with respect to the state vector variafilesse
equations are used to develop the total observation mahighwis the heart of the Gauss-Newton algorithm calculation

Doppler equation partial derivatives

Recall the Doppler equation frdm 3.4:

(X—X0)X+ (Y—Yo)Y+ (z2—20)Z N (X=X )X+ (Y= Y)Y+ (z2— z)2

fa(x,y,2) = =279 (7.9)
(x=%0)2+ (Y= Y02+ (2= 20)) " (x=%2+ (y— )2+ (2—2)2) "
The partial derivative ofy(x,y, z) with respect tocis:
B 1 _ X _ \ . 5 _
% ((X—X0)2+ (Y= Y0)2 + (2— 20)?) /2 ((x Xo)X+2(y yo)y+2<z 20)2)(2X1/>;o)
DX fd (X, Y, Z) _ —ZH/A ((XfXO) +(y—Y0)*+(z—2) )
(Xx—X0)2 + (Y —Y0)? + (z— 20)?
. 2 2 2\Y2 _ (X=X )%+ (Y=Y)V+ (=20 2) (X—%¢)
X((X=%)%+ (y— +(z— 2 -
+ (=27 (T by e (02 (y-y0>+(z-202) ™ (7.10)
(X=X)2+ (Y — V)2 + (2— z)? '
The partial derivative of4(x,y, z) with respect toy is:
Y ((x—x0)2+ (Y~ Y0)? + (z— 20)?) Y2 _ ((Xon>>'<i(yfyo)yi(Ho)'Z);/fJg)
Dyfq(X,y,2) = —2m/) (x=%0)2+(y—Y0)?+(z-20)?)
g (x—X0)2+ (y—Y0)2 + (z— 2)?
y((xixk)ZJr (Y*Yk)zﬁL (Zizk)Z)l/zi (X=X )*+(y— Yk)Y+(Z Zk) 2)(y— 2 Vi)
2
(—2mh) (x=%0) 2+ (y=Y)2+(z-%)?) (7.11)

(X—%)%+ (Y — Yk)? + (2— 2)?

The partial derivative ofy(x,y, z) with respect tais:

. Y2 ((x=x0)%+(Y—Yo)V+(z—20)2) (z—20)
2((x=x%0)? +(y=Yo)* + (2= 20)?) " —
(=20 + (v =y0)*+ (2= 20)%) ((x—x0)2+(y—yo)2+(z-20)2) /2

(X—=X0)2+ (Y — Y0)?+ (z— 20)?

DZfd (Xv Y, Z) = 72"/)\
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. Y2 (=) %+ (YW )V+(Z-20)2) (2—2)
Z((x=%)?+ (Y=Y + (z—2)?) " —
( s f+z-a)) (X2 (y—yh)2+(2-202) 72

-2 7.12
(=2 (X— %2+ (y— Y02+ (2— %)? 712
The partial derivative of4(x,y, z) with respect tocis:
(X—Xo) (X=X
Difa(xy,2) = (=22) l + (7.13)
' (=200 + (Y= Y02+ (2= 202" (x=%)2+ (y )2+ (2— 202)"*
The partial derivative ofy(x,y, z) with respect toyis:
Dyfa(x3.2) = (~27) [ V=Yo) = . 5l @
(X=%0)2+(Y=Y0)?+ (2= 2)%)""  ((X=XJ)>+ (Y= Y)*+ (2= 2)?)
The partial derivative ofy(x,y, z) with respect tais:
(z-2) (2= %)
Dzfq(x,,2) = (—2772) [ (7.15)
’ (x=%0)+ (Y =Yo)2 + (2= 20)) " (x=%)2+ (y—¥)2+ (2—202)"*
Cosine of bearing partial derivatives
Recall the cosine of bearing equation from| 3.4:
(X=X
co X,Y,2)) = 7.16
) oy 0
The partial derivative of cdg/(x,y, z)) with respect tocis:
2
(x=%?+ (y=y?) 7 - LA
D Coilp(x Y, Z)) — ( ) ((X7Xk)2+(y*yk)2)l/2 (7 17)
) " (X=X)2 + (Y — Yk)? '
The partial derivative of cdg(x,y,z)) with respect toy is:
—(X=X) (Y =Wk
Dyco X,Y,2)) = 7.18
YO X+ w2 o
Sine of bearing partial derivatives
Recall the sine of bearing equation fréml|3.4:
- (Y=Y
sin(YP(x,y,2)) = 7.19
W) s -y .
The partial derivative of sif(x,y,z)) with respect to is:
Dysin(W(x,y,2)) = — XY (7.20)

(x—x)2+ (y—y)2)¥?
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The partial derivative of sify(x,y,z)) with respect to/ is:

X— %) 4 (V— vi)2) 72 — (-3
(= 3d™+ b =30%) (%024 (y-y02) 2

(X=X%)2 4 (Y — k)2

Dysin(y(x,y,2)) = (7.21)
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Appendix C

This appendix describes the derivation of equation thatlte# the minimization of the sum of the weighted squared
residuals(X; ), in order to solve for the best state vector estimég. This is done by differentiation of equatibn 3131

with respect tox; ,, setting the result to and makingX; , the subject of the equation.
The differentiation is shown in equatibn 7122 [3] where thabol Dx- signify vector differentiation w.r.t the elements of
Xon -
Dx- ((Ym) =T Xan) "Ry (Yo — T(n)xﬁ,n))
= (2Dx+ (Ym) = Ty %iin) ") R{,&(Y(n) = TmXan)

= 2T R (Y~ T Xan) =@ (7.22)
Multiplying out we then obtain equatién 7]23:

T p-1 * T -1
T Ry T %0 = T Ry Yoo (7.23)

SinceT(E) R&%T(n) is non-singular we can solve fog;, to produce equation 7.P4 that minimizes the sum of weighted

squared residuals and therefore is the best estimatg,A3].

-1
* T p1 T p-1
X”’” - (T<”) R(n) T<”)) T(n) R(n) Y(n) (7.24)
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Appendix D

This appendix presents the IDL, C and CSX implementatioffilprg data. Tabld 7]1 presents the IDL profiling data.
The IDL simulator was run 10 times, each with a different fiigith as input. Each simulation consists of 37 observation
instances, therefore times are averaged over 370 obgarasitances. The processing blocks shown are as desanibed i

sectiof 4.8.

Table 7.1: IDL implementation profiling summary

Processing Block |[Execution Time per update (uS)

Init 1.56835375E+3
dY 1.3881793E+4
partials 41192608E+4
T rows 3.3481308E+4
TtransRinv 9.6133592E+3
CovlMat 1.8650126E+4
dX 3.2631370E+4
Xbar 4.3411125E+3
Latent time 2.3918734E+3
Total diffcorr time 1.5776709E+5

Table[ 7.2 presents the unassisted C implementation pgptina, and Table4.3 profiling data of the ClearSpeed aeceler
ated version. In both cases the information shown was agdrager 100 simulation runs, resulting in 3700 observation
instances. The unassisted implementation was profiled iisial’'s VTune Performance analyzer.

The provided debugger and visual profiler were used to tegpéinformance of the ClearSpeed accelerated version. The
information shown in Table7.3 was averaged over 100 sirmuatins, resulting in 3700 observation instances.
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Table 7.2: Unassisted C implementation profiling summargteNhat total time denotes the time spent in a particular
processing block including functions called from withirattblock, whereas self time denotes the amount of time spent

excluding any functions called._CALLSrepresents the number of times the function is called duhied 00 simulations.

The termleg is used to mean observation instance or cycle. TheréfBReLEG is the time spent executing a processing
block per observation instance (total tiree83700). PERITERATION denotes the time spent per iteration of the algorithm.
Iterations per leg means iterations per observation instance or cycle. Theegeing blocks shown are as described in

sectiorf 5.B
SELF_TIME | TOTAL_TIME PER ITERATION
NAME {us) {us) # CALLS | PER LEG |us) {us)

main B.3625E46 F.7T930E+3 1
T Matrix 3.7651E+6 3.1T26E+3 16255 05746.83 19517 .89
Sensitivity 3.3087E+7 2 B363E+8 1300400 T1250.27 1621815
chlas_dgemm 1.1259E+6 1.0756E+8 3185980 29071.06 BE1T 22
T rows J4524E+46 4 98RBE+T 1300400 13477 .74 3067 .34
initialise Track 1.0604E+7 34014E+47 3700 0192 99 919299
covariance matrix 2.0656E+4 3.07TRE+T 16255 831777 1893.31
d¥ calculation 1.6033E+4 2 812TE+T 16255 TR02.01 1730.39
retrodict 4 Go48E+R 1.1368E+7 16255 3072 32 695 33
clapack_dgetrf 1.5270E+4 3.6106E+R 16255 075 85 22212
clapack_dgetri 1.5285E+4 1.9772E+6 16255 534 37 121.64
Simulations 100
Legs 3700
Legs per simulation a7
[terations 16255
Average lterations per leg 44

February 4, 2010

Page: 84



UCT Radar Remote
Sensing Group

Department of
Electrical Engineering

Table 7.3: ClearSpeed accelerated implementation ppffiimmmary. The top row labels are for the ClearSpeed card
side execution blocks, the second row shows the host exadiiticks. The table shows overlapping host and ClearSpeed

execution.

CSX |wait Init track calculate T matrix wait for NewX retrodict |wait obs |[TOTAL
host |write brg |wait read state |calc dY |waitforT jread T |calc dX |write X |wait state [read state |[CYCLE
Cycle |[Time Time Time Time Time Time Time Time |Time Time Time

1 150181 |3084 669 18662 18716 17014 33080 542 878 97| 242923
2 52 3078 326 9230 9456 2929 15907 262 433 83| 41756
3 52 3071 242 5399 7123 2185 12077 197 318 87 322N
ul 52 3071 242 5900 7128 2192 12252 198 316 86 32467
5 50 3071 238 G978 7226 2193 11905 204 327 84 32306
5 51 3072 408 11503 11556 3649 19867 327 540 85 51386
7 53 3073 239 5908 7105 2242 12175 202 325 83 32435
B 53 3071 996 27882 28061 8765 43096 795 1485 83| 119320
Gl 53 3552 810 9212 9001 2940 16175 274 424 87| 42558
10 52 3071 236 5904 7122 2397 11949 199 328 86 32384
" 54 3070 246 6903 7110 2191 12128 198 857 97 32885
12 06 3073 234 5928 T0B9 2188 12168 200 326 83 32375
13 51 3077 4095 14012 14022 4381 23889 407 539 83 51086
14 51 3079 239 5911 7111 2196 12151 206 321 83 32378
15 52 3080 704 16450 13595 5191 53447 470 2983 108 98410
16 56 3052 308 5996 7009 2269 12009 197 226 114 32266
17 95 3101 356 9263 9393 2921 15874 263 430 86| 41782
15 53 3086 730 21008 21025 5582 35766 605 961 84 89930
19 57 3082 484 14063 13969 4445 238M 403 648 83 61155
20 50 3084 646 18658 18713 5845 31810 539 845 85 80305
21 59 3084 383 111933 112148 35533 15258 3217 5212 86| 289943
22 51 3082 248 6932 7091 2195 11984 199 320 84 32216
23 51 3081 493 14101 13927 4369 23808 395 647 83 60935
24 51 3079 163 4622 4729 1553 8018 132 212 84 22673
25 50 3078 239 6974 7040 2187 12831 204 326 86 33045
26 59 3078 487 13590 14121 4388 24308 411 652 83 61507
27 02 3077 236 6974 7053 2183 11935 198 318 83 32143
28 51 3079 239 5996 7031 2186 11971 199 319 84 32185
29 52 3076 240 G955 7oz 2184 12204 200 319 90 32422
30 51 3076 246 6948 TO73 2186 12004 197 320 84 32215
31 53 3080 236 5940 T2 2183 11946 200 325 85 32160
32 GE 3078 319 9258 9430 2924 15959 279 428 86| 41849
33 53 3077 566 16361 16336 5116 27784 461 77 84 70625
34 51 3081 241 6948 T2 2194 12044 206 325 84 32276
35 50 3077 241 5939 7080 2188 12213 206 310 86 32420
36 51 3073 405 11560 11787 3643 20222 N 550 85 B1737
37 55 3073 329 9230 9454 2989 16244 263 465 71 42207
IAVG 83 36| 308992 382.61| 13130.57| 13179.62| 4457 27| 18258.17 378 BT 86.35| 53190.16
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Appendix E

This appendix presents the C and CSX implementation acgui@a. Tablé 7]4shows a summary of the IDL accuracy
results. Tabl€715 the unassisted C version, and Table & 6l¢arSpeed accelerated version. The results were aderage
over 60 simulation results, each consisting of 37 obsaymatistances. Thus the data is based on 2200 observation
instances or Gauss-Newton cycles. Each observation irstasists of 80 samples of the state vector, which is reduced
from position and its derivatives up to the 10th order in 3@msions which are developed by the algorithm, down to just
position and velocity in 3 dimensions.

Table 7.4: IDL accuracy result summary
| x/y position error average| Z position error average| xly velocity error average | z velocity error average|

3.62175e0 1.35954e2 4.28028e-2 1.15105e1
xly position error sigma z position error sigma xly velocity error sigma z velocity error sigma
1.71614el 3.85369e2 7.44381e-2 3.67859%e1
xly position error maximum z position error maximunj x/y velocity error maximum| z velocity error maximum
2.23577e2 7.20497e3 6.73337e-1 6.60119e2

Table 7.5: Unassisted C accuracy result summary
| x/y position error average| Z position error average| xly velocity error average | z velocity error average|

1.79546€e0 1.21235e2 4.38044e-2 1.07059%e1
xly position error sigma z position error sigma xly velocity error sigma z velocity error sigma
1.14358el 3.46901e2 8.29942e-2 3.25287el
x/y position error maximum z position error maximum x/y velocity error maximum| z velocity error maximum
2.64009e2 6.63206e3 1.09669e0 5.12389e2

Table 7.6: ClearSpeed accelerated accuracy result summary
| x/y position error average| Z position error average| xly velocity error average | z velocity error average|

4.43928el 9.88423e2 4.08008e-1 6.33252el
xly position error sigma z position error sigma xly velocity error sigma z velocity error sigma
2.65135el 1.06132e3 2.50293e-1 8.20934el
xly position error maximum z position error maximunj x/y velocity error maximum| z velocity error maximum
4.73207e2 2.07640e4 2.56812e0 8399293e2
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