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1 abstract

This paper shaws an example of how computer vision algorithms can be reformulated to exploit correlation based
hardware without compromisingthe underlying principles of the algorithm. The work shows results of the \stretc h-
correlation" algorithm for calibrated stereodepth estimation and goeson to discussthe dewvelopmert of a corvo-
lution chip for implemerting this algorithm. The motivation for the chip and its applicability to other computer
vision algorithms is also discussed.

2 Intro duction

In many casescomputer vision algorithms use feature extraction as a preprocessingstage for the higher levels of
processing.The justi cation for the useof feature basedrepresertions comesfrom the exibilt y and the statistical

properties which are inherent in, for example, edge and corner data. More speci cally, the use of edge-string
extraction in stereo matching algorithms is seenby many as the most robust technique for \dicult" stereo
problems. Where di cult refersto the classof problem where the grey-level data is not consistent betweenstereo
viewpoints, and the amount of object deformation betweenviews is large. [7],[edge-string]. Howeer, if real-time

computer vision is to be a viable proposition for applications suc robot cortrol, it is equally asimportant to havea
computationally e cien t solution asit is to have a statistically robust algorithm. From a computational perspective
the useof high-level primitiv es,such asedge-strings,inevitably leadsto a requiremert of generalpurposecomputer
architectures to manipulate the necessaryhigh-level data structures. Once generalpurposeprocessinghas become
a prerequisite the computational e cien y required for real-time vision starts to becomemore di cult to achieve.
In general, e cien t image manipulation can only be achieved by exploiting the regular ordering of data in images
using vector basedoperations such as correlation.

In the caseof stereovision, before the developmert of edge-stringalgorithms, correlation basedapproacheswere
usedextensiwely to establishcorrespondence.However, the lack of robustnessof thesetechniquesfor di cult stereo
problems was due to the unsuitability of absolute grey-level similarity measuresfor determining correspondence
when illumination of the objects di ers apprerciably betweenviews. Edge string basedalgorithms removed this
problem by manipulating quartities which were more directly related to the underlying 3D structure of the scene
rather than the illumination.

The aim of our work is to develop a stereovision systemwhich reconcilesthe contradictory objectivesof algorithmic
accuracy robustnessand computational e ciency by taking the essencef edge-stringmatching and reformulating
this into a corvolution basedimplementation. This work has involved the developmen of an algorithm called
\stretc h-correlation" which is essetially a reformulation of edge-string basedalgorithms, and the developmert of
a chip to perform all of the vector acceleratableaspects of the stretch-correlation algorithm. The speci cation of
the chip hasinvolved, as much aswas possible,the inclusion of generalpurposefunctionality making it capable of
performing many other image processingand computer vision operations. The chip can, therefore, be classedas a
computer vision processor.The justi cation for the chip and its architecture are discussedbelow.

The dewvelopmert of a variety of Video Signal Processingdevices[8] has beenprolic in recert years,and in the
main has grown to meet the requiremerts of image processingfunctions such as motion compensation and image
coding. Whilst in theory thesedeviceso er great potential for implemerting other algorithms, it asapparen that
the requiremerts of this market only partially intersectsthe requiremerts of computer vision. For example, the
basic requiremert of the massmarket is in generalthat imagesare processedat a rate of 25-30 Hz, whereasin
cortrast, our approach to computer vision is that the underlying algorithm is not compromisedas a consequence
of implementation. It is important that the numerical properties of the algorithm are presened, at the expenseof
the image throughtput capability if necessary

3 Algorithm Classi cations

Rationalising the requiremerts of a subsetof target algorithms forms one of the initial stagesof general purpose
hardware design. In addition to the core arithmetic operations, it is necessaryto examinethe data accessequire-
ments of any algorithm. For our chip this included the ability to perform all vector acceleratableaspects of the



stretch-correlation algorithm. In addition we have also attempted to provide support for general purposeimage
processingfunctionality, basedon the results of an algorithms survey [1]. A summary of the conclusionsof this
report, regarding general purposealgorithmic requiremerts, is given below:

A broad range of basic arithmetic operations (including multiplication)
1D and 2D accunulations with variable kernel sizes

E cien t variable bit-length calculations

Taken alone these computational requiremerts justify the useof a large silicon area, highspeed, ne grain SIMD-
like architecture [Ref] recertly designedin our group. However, in addition to the core arithmetic operations,
classi cations basedon data accessrequiremerts can be formed. The survey concludedthat cornvolution can be
subdivided into catergoriesbasedon the locality and uniformit y of data access.The following classi cation contains
three catergoriesin ascendingorder of data bandwidth:

Image convolved with single xed mask
Image convolved infrequertly varying coe cien ts

Image convolved with frequertly varying coe cien ts

While the rst two categoriesmay be supported with standard levels of communication bandwidth and data
casheing stratergies the third category, which includes algorithms such as non-raster dewolvable image warps,
requires special consideration. In particular, for a VLSI designthe only practical solution requires a large on-chip
coe cien t store. This is clearly at odds with the previous computational speci cation. For this reasonwe decided
to designa secondchip with lessprogramming exibilit y but a high coe cien t bandwidth. As we will explain, the
demandsof our stereovision algorithm fall within the functional domain of this processor.

4 Stretc h-Correlation  Algorithm

4.1 Description

As we have alreay said, block correlation basedstereoalgorithms map well onto convolution basedhardware, but
in their simplest form provide data which is inaccurate due to the region based disparity quantisation. With
the addition of window shaping and hierarchical processing[4, 5, 6] block quartisation e ects can be aleviated,
but the dependanceon grey- level consistencybetween stereo views causesa lack of robustnessin nonideally lit
environments. In contrast edgesrepresern the underlying three dimensional structure of the scene,and are a more
reliable match primitiv e.

Figure 16.1 shows the four basic stagesof the stretch-correlation stereo algorithm. The rst stageis epipolar
realignment which is required to reduce the number seard dimensionsin the correlation stage, and requires
precise cameracalibration data optimsed to remove epipolar errors [9]. This stage (image recti cation) presens
a major computational load as will be discussedlater. Our algorithm embodies edge matching in a correlation
implemenrtation by rstly only attempting to match blocks of the image which contain edgesand secondlyby using
preprocessingstagesto enhancenon-horizontal edgeimformation whilst suppressingnoise. This takesthe form of
gaussiansmoothing the imageswith a 1 pixel standard deviation kernel, and taking rst order horizontal di erences
(similar to the rst stagesof Canny). The correlation stage of the algorithm useswindow shapingin the form of
either block stretching or shearing. The enhancedimage blocks are resampledthrough a range of \stretc h" values,
using linear interpolation on the gaussiansmoothed images,this forms an extra seard dimension in addition to
the horizontal displacemen. The window shaping processis demonstrated for the trivial caseof a single edgein
the image block in gure 16.2. The purposeof the block stretching/shearing is to allow a linear disparity gradient
to exist within ead block. This provides subpixel location for edgebaseddata which obeysour rst order model
of gural distortion betweenviews. We have, therefore, addressedthe two problems in correlation basedstereo:
accuracy and robustness.

The correlation stageof the algorithm can be seenas a hypothesisgeneratorwhich works solely on the local gural
consistencyconstraint at a block basedlevel. Each block producesa correlation surface from which an ordered
list of potential matchesis obtained by considering all maxima up to a threshold. The threshold is determined
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Figure 1: The Stretch Correlation Algorithm

by placing a cut on the characteristic signal distribution for the correlation score,thus allowing the selection of
a speci ¢ signal-to-noiseratio. At this stage a \lo ose" global support constraint basedon a disparity gradient
is applied [7], where loose meansthat a block must at least recieve somesupport from neighbouring blocks. A
disparity gradient limit of 2 is the mamimum required to enforce ordering. Unsupported hypothesesare thus
rejected and other hypothesesare examinedwith a single passphilosophy. Whilst this stagedoesrequire high-level
processing,the overall overheadis negligablein comparisonto the hypothesisgeneration stage.
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Figure 2: The Stretching and Shearing Process

Oncea block match hasbeenestablisedthe depth at all edgelsis calculated using the two parametersobtained from
the matching stage: horizontal disparity at the block certre and a stretch/shear value from the window shaping.



Figure 3: Shaft Assenbly Image Pair

Figure 4: (a) Stretch-correlation, (b) Edge-string basedalgorithm

5 Algorithm Performance

Figure 16.3 shows a typical dicult stereoproblem, for which the stretch-correlation algorithm is intended. Fig-
ure 16.4 shows a 3D reprojection of non-horizontal edge data obtained from the stretch correlation algorithm
(left), comparedto the results obtained from the PMF edge-string basedalgorithm (right). It can be seenfrom
this qualitativ e data that the results of block correspondencefrom the stretch-correlation algorithm are comparable
to a typical edge-stringbasedalgorithm in terms of the quantity of grosslyincorrect data. There is also su cien t
location accuracyto allow unambiguous edgestring matching.

The stretch-correlation algorithm has been statistically evaluated in a comprehensie manner in comparison to
other correlation basedtechniques. The criterion used were edge location accuracy quartity of returned edge
data and disambiguation ability [3]. Summarising our experimernts it was found that disambiguational ability
was comparableto current Euclidean distance methods [2] with signi cant improvemerts with respect to location
accuary. The stretch correlation algorithm returned edgedata to an accuracyof 0.8 pixels RMS error, comparedto
nonwindow-shapingtechniqueswhich typically had a 1.1 pixel RMS error, but, signi cantly the stretch correlation
algorithm returned a larger quantit y of matched edgedata.



6 Computational Requiremen ts

The purpose of developing low-level algorithms is to enable the use of vector acceleration hardware to provide
an e cien t solution for real-time problems. This section examinesthe fundamertal manipulations of our stereo
algorithm, and shows where redundency has been exploited.

The imagerecti caion stageof the algorithm requiresa perspective reprojection of pixel coordinates with sub-pixel
interpolation. The perspective reprojection takesthe form

(Uw;vw; W) = R(x;y;f1) 1)

(Xr;YR:T2) = (uwfo=w, vy fo=w;f5) (2

whereR is a rotation matrix, x;y and Xg;Yyr are the original and recti ed image coordinatesand f, and f, are the
initial and recti ed camerafocal lengths. This equation represerts a nonraster devolvable image warp due to the
processof perspective forshortening imposedby the division with w. This presens a major problem in terms of
high bandwidth nonuniform data accessf the sourceimageand leadsto the requiremert of a non-raster processor.
Also, the image interpolation processis ideally performed by resampling of the sourceimage by convolution with

o set masksas shawvn in egn 16.3. Subpixel interpolation can be performed to an accuracy of 1/8 of a pixel in

both of the x,y dimensionsusing 64 8 8 o -centre masks. The data bandwidth involved in this processimplies
that this coe cien t data must all be stored on-chip. Edge enhancemen, gaussiansmoothing and recti cation are
all e cien tly combined into this cornvolution/in terpolation stage.

The stretch-correlation stage can be consideredas correlating with a resampledtemplate for ead image block and
for each value of stretch. The resulting dot-product calculation is normalisedwith eqn16.4and can be expressedy
egn 16.5. By rearranging eqgn 16.5we can obtain a new expressionfor the correlation measurewhich contains two
reusablepartial summation terms asin eqn 16.6, this reducesthe computation required to compute the correlation
stageby a factor of 5 typically comparedto a template basedapproach. This suggeststhe needfor 1D convolution
capabilities if support hardware is going to exploit this method.

The edge detection stage of the algorithm extracts the nonhorizontal edge positions by the application of the
simple heuristic operator expressedn eqn 16.7. This stage provides the data bandwidth reduction neccessaryfor
subsequehn (high level) processingstagesand could easily be supported on a standard generalpurposeprocessor.
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Equations 16.3to 16.7 clearly demonstratethat our essetially edgebasedstereoalgorithm can be implemented as
asetof 1D and 2D multiply accunulate operations. To enablethe amount of computation required at ead stageto
be put into perspective, the following list givesa breakdown in terms of the core operations: additions/subtractions
and multiplies:

Image recti cation, edgeenhancemen : WH n? mults and adds



Cross Correlation : g WHR mults and adds
Edge Detection : 2WH 8 subtractions

Where WH =Image width  height, n=gaussiankernelsize=8, R=search range, =ratio of blocks cortaining edges
to blocks which do not.

For images containing only sparse edgesn? R , and for only modest image sizes 256 256, the total
computation is > 10’ multiplies and > 10’ additions per image frame pair.

7 Chip

7.1 Design Requiremen ts

The image interpolation scheme outlined in section 16.6) and non-raster source data accessinherent in image
recti cation lead to the requiremert for the chip which we are now dewveloping. Thesefactors dominate the design
of the chip suc that the list of requiremerts for a general purpose image processorhad to be compromised.
However, the design of the chip has attempted to addressissueswhich are speci cally relevant to the demanding
problem of non-linear image warp commonin computer vision. The full list of requiremerts is given below:

Minimum 8 8 pixel convolution kernel with minimum 8 bit coe cien ts and 16 bit image data.
No intermediate truncation of results.

Must support raster and nonraster basedprocessing.

Must deliver rectied 512 512imagesat around 10Hz.

Must support 1D and 2D accurrulation.

Coe cien ts must be local and changable every multiplication cycle

Must be easyto program and incorporate into systemsdesign.

Given these requiremerts we feel that this chip covers a signi cantly large enough domain to be classied as a
general purpose computer vision processorand should be regarded as a complemenary deviceto that described
in [Ref].

7.2 Arc hitecture and Programming

Figure 16.5shaws the major functional componerts of the chips datapath. The architecture of the chip, which will

befabricated on a 1um processand will clock at 20MHz. It consistsof 8 multiply-accumulators which produce8 1D
dot-products every 8 clock cycles,and a nal accumulator which is usedonly in 2D mode. Two addressgenerators
produce addressedor both input and output data at upto 20MHz. Two onchip RAMs exist for mask coe cien ts
and image data caching. The coe cient RAM can store 64 8x8 2s complemen coe cien t maskswhich, for the
caseof image recti cation, represens the ability to interpolate using a gaussianmask at 64 subpixel locations on
the 2D image plane.

The support for nonraster basedprocessingis provided by the input image caching systemwhich at any point in
time holds a valid 8x8 pixel patch on the input image and the next new 8 pixel row or column of image data. The
image cache usesa novel dual memory ping/p ong arrangemert which operatesin a row and column wise manner,
this allows a new 128bits (8 x 16 bit imagedata values) of image data to be read every 8 clock cycles. The resulting
stored image represers a barrel shifted version of the required 8x8 data window in the input image (Figure 6).
This o set hasto be taken out during convolution by a combination of addressingand by barrel shifting the 8 sets
of 8 bit coe cien t data onto the appropriate multiplier. This con guration providesan e ectiv e factor of 7/8 reuse
of data (best case)reducing the required input image data bandwidth by factor a factor of 8. The net e ciency
of this casheingstratergy depends upon the details of the scan path in the input image which will be discussed
further below.

One of the requiremerts for this chip was that it should be easyto use. The chip requires a host controller for
the simple tasks of resetting and loading coe cien t masks. This processorwould be ideally placedfor nishing up
nal stagesof non vector acceleratableprocessingsuch asthe feature extraction in our application. Coe cien t and



Figure 5: Chip Architecture

register loading is simplied by making the chip appear like a static RAM to its host cortroller when in a reset
mode. Many nonraster basedalgorithms, including image recti cation, can be formulated as a set of XY-v ectors
de ning the kernelmovemernt around the sourceimage (Figure 7), and a set of maskidenti ers to selectthe required
mask. Our chip is programmed in this manner. The chip can move the applied location of the coe cien t kernal
by up to 16 pixels in x and y, but e cien t reuseof data relies on small shifts. Any shift vector greater than 1 pixel
will causethe multiplication pipeline to stall while the input cace is loaded. In the caseof imagerecti cation the
output image can be scaledsud that 99% of all shift vectorsare 1 or 0 in either x or y. Thus the processorwill

run at e ectiv ely the optimum rate (20/8 MHz output pixels).

Figure 6: Image Cache



Figure 7: Typical Input/Output Scanpaths

8 Conclusions

We have preserted a summary of a correlation based stereo vision algorithm designedto make use of the same
constraints exploited in more robust edge-string algorithms. In doing so we have shown that, with thought, an
existing feature based computer vision algorithm can be reformulated for specialised hardware and thus enable
e cien t implementation of algorithms for real-time applications. With current academicsupport for VLSI design
under such schemesas Eurochip this hardware can be deweloped by making use of available design padages.
Once developed, this hardware would bring real potential for commercial exploitation of machine vision researd.
Sud hardware is, however, unlikely to emergein the industrial sector for applications such as communication or
entertainment as these applications put the emphasison data throughput rather than computational accuracy
Hardware developmert must be donewithout compromising algorithmic performanceand preferably in a way that
hasa wide range of possibleapplications. The computationaly intensive parts of many computer vision algorithms
could be implemented on the chip describedin this paper and we believe that powerful and e cien t generalpurpose
processordor computer vision are feasible.
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