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Abstract 1.1. Previous Work

Most modern feature detectors can trace their roots back
This paper describes a hardware architecture for an FPGA- tg the Harris corner detector [6], which determines image
based implementation of affine-invariantimage feature de- regions to be interesting when they have sufficient image-
tectors, following the algorithm of Mikolajczyk & Schmid. gradient energy in orthogonal directions. While these fea-
The architecture mimics the structure of the algorithm by tyres are not scale invariant, subsequent advances such as
implementing a multi-scale Harris corner detector which S|ET features [8, 9], scale-space representations [7] and
feeds candidate points into an iterative procedure to deter zffine-invariant [12] formulations have all taken the ap-
mine the local affine shape of the feature’s neighbourhoodproach of searching for maximal responses over different
(up to an undetermined rotation). Since the algorithm is scales to provide scale invariance. Rotational invariasice
iterative, and since we desire a high throughput rate, the ysyally achieved with aignatureor descriptorcomputed
iterations are “unrolled” into a sequence of identical com-  for the feature, where the descriptor identifies, and nor-
putation blocks arranged in a pipeline architecture. malises with respect to, a dominant orientation. Given the
The modularity of the resulting architecture allows for usefulness of image features it is natural to want to com-
scaling the implementation to devices of different reseurc pute them at high speed, or even frame-rates. A number of
capacity, as well as partitioning the algorithm over severa hardware approaches have been reported. There are several
devices. The final implementation, when completed, will beFPGA-based Harris corner detectors [1, 5], and an FPGA-
part of a smart-camera system which outputs features at thebased implementation of SIFT features is indicated in [13],
same time as the associated images. although the implementation details are not public. These
feature detectors are amenable to hardware implementation
due to the lack of iteration in the associated algorithmg. Ou
1. Introduction implementation tackles the implementation of AIFDs and
the issue of iteration.
In recent years the role of feature detectors in computer vi-  The structure of this paper is as follows. In Section 2 we
sion has increased dramatically. Feature points have beemlescribe how the feature detector in [12] is mapped to hard-
used for object recognition & tracking, image segmentation ware. This section will assume the reader has knowledge of
motion analysis and analysis of extended video sequencesthis detector algorithm, and for sake of brevity it will na b
The most useful feature detectors are invariant to transla-repeated in the paper. In Section 3 we will present an initial
tion, rotation, scale, or even more generally affine deferma estimate of the FPGA resources required to implement each
tions of the image. The latter class of feature detectors isblock. In Section 4 we discuss a number of issues that may
of particular interest as perspective distortion can bellpc  affect performance of the implementation, and the pros and
modeled as affine for smooth surfaces, which can in turn becons of various solutions. These are at present open issues
assumed for small image regions. The affine-invariant fea-for discussion. Finally, in Section 5 we describe the ongo-
ture detector (AIFD) implemented in this work is described ing development process, and give future directions far thi
in [12] and in earlier work [10, 11]. work.
This paper will describe the proposed architecture for
this implementation, which is currently underway. We hope 2 Proposed Architecture
that by describing the architecture at an early stage we can
invite feedback from the vision community on the direction An overview of the proposed architecture can be seen in
this work is taking. Figure 1. There are two main architectural components in



our design: a multiscale Harris corner detector that is usedThe cornerness matrix is then computedas— o tr?(u).

to extract an initial list of candidate feature points, éalked Maximal results fron8 x 3 neighbourhoodsthat are above a
by a number of identical blocks that perform the iterative specified threshold are then exported, along with theirescal
part of the feature detection algorithm. Although the iter- information, to be used as input to the iteration modules.
ative process could be implemented using a single block

through which the points are repetitively cycled, thiswbul 2 2 |terative Estimation of Affine Shape
result in lower throughput. The number of iterator blocks

sets an upper limit on the number of iterations a point can block. | hiteration. th tial and le localisaoi
go through. Status signals are used to halt iteration early ock. In €ach lteration, the spatial and scale focall
each initial point is refined, and an estimate of affine shape

if the point converges or is rejected. The number of itera- . .
tion blocks can be varied to fit the design onto FPGA de- is updated through computation of the local second-moment

vices of differing capacities, and also provide a simple way tmhat][lx {[Lr Trtf npute itot edaicnr: Iterre';i“%n ar? Cozgdltrr]latrisr(r)f
to partition the design across multiple devices. The ihitia € Iealure, Ine associate egration scale, a erdu

points from the multiscale Harris corner detector are store shape transformation matrix for the feature. The shape

in a FIFO buffer before being fed into the iteration blocks. matrix, upon convergence, encodes an affine transforma-

Points that are accepted during the iterative process are astlon that makes the image gradient energy over the feature’s

sembled into a feature list which then forms the output of _ne|ghbourhood isotropic. The feature’s status (accepéed,

the feature detector module. The following sections de- jected, in progress) is also carried between iterationss Th

scribe in greater detail the design of the multiscale Harris allozvsaf]?attjres to bde I’EJE.Cte? a:r? nytlter?tmn, aEnd Zt\{szrsls a
corner detector block and the iteration block. cepted features undergoing further iterations. Eachtitera

block contains the following sub-block$lormalise Win-
] _ dowto warp the image locally in an attempt to normalise
2.1. Multiscale Harris Detector the affine shape according to the current shape méirix],

The multiscale Harris detector is really just a Harris corne Integration Scalgo ref!ne the estlma.te qf the |ntegrat|0_n
detector [6] in which the combination of image gradient in- scale (thus Iead!ng to. 'mpfo‘,’e‘,’ localisation and estlmatlo
formation over the neighbourhood of interest is performed of local shape)Fmd_D|_ﬁerent|at|0n _Scaleioes the equiva-
using Gaussian weights at different scales (standard devia'ent for the differentiation scal&patial Localisatiomefines
tions). The integration scales are basedsgi according the current estimate of the feature’s location and findjby

i JI‘. ey fori — 0...N. whereor ande are date Shape Matrixefines the current estimate of the affine

user-selectable at run-time. For our implementation we setShape' _ _ ) . .
N — 5. The differentiation scales are set by; — so1; The Normalise WindowFind Differentiation Scaleand

wheres can be set at run-time. The choices of valueXor Update Shape Matriklocks all require the computation of

are somewhat limited by the available FPGA resources, asti9envalues and eigenvectorsiok 2 matrices. For matri-
each scalé requires seperate filters, image buffers, combi- C€S of this size we chose to derive analytical expressians fo
natorial logic and other resources. these quantities, avoiding the need for complicated atlgori

The Gaussian derivatives are computed by first creatingmiC blocks. The square rgot operations required are based
simple image gradients using the Sobel operators, and ther?n_f_?]eal\ll t Squ.t cc\)/\r/g Erowgled IEy Altfra [3]. d .
smoothing with a1 x 11 Gaussian filter. This approach al- fth enorma ISE N ohvk\; OE c;eafer? afwarpe _\r/ﬁrsmn
lows re-use of the Gaussian filters for integrating the gradi ofthe image In the neighbourhood of the feature. The warp

ent information, and thus is preferable over designingisepe is according to the current estimate fGr and attempts to

ate masks for the Gaussian derivatives. The Sobel opereltorge'eCt a region that is more isotropic. The image warp is

can be implemented using only adders, and therefore haveComputed by applying the warp to the pixel coordinates in

a simple hardware implementation. The Gaussian filters arethe neighbourhood of the feature, and re-estimating the as-

separable, and implemented as two 1-D convolutions in theSO_Ci.ateq pixel va.\Iues through bilinear interpolation frtbm
x- and y-directions. Once the image derivatives are com-Orlglnal image pixels, stored in memory. The warped image

puted, the components?, L., andL? are integrated using region isl3 x 13 pixels. The warped image patch is denoted
] iRl T Yy
the same Gaussian filter architecture, but usipginstead 4

of op;. This allows creation of the second-moment matrix . The Find Integra’qon Scale b_lock.,.shown n Figure 4,
is an extended version of the simplified Harris-Laplace de-

) 2. LyiLyi tector from [12], and involves a similar architecture to the

p=0p;9(opi) * L ‘f , Lz,y : multiscale Harris detector of Section 2.1. The currentealu
x1yL yi . R .

of oy is used to creat&/ = 5 candidate scales in the range

1There is no reason the iteration block design cannot be ed-irsa UI/?- - OIE. The Laplagian-of-Gaussian (LoG) of th_e in-
lower-throughput, state-machine design in smaller capaeivices. coming image patchV is computed for each candidate

Figure 3 shows the overall architecture of each iteration
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Figure 2: Architecture of multiscale Harris corner detecto
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Figure 3: Structure of individual iteration block.

scale, and the scale producing the largest LoG becomes then IV/.

new estimate for;. If the largest result is below a pre-set The Update Shape Matrix block is the last block, and
threshold, this module can set the current feature’s stetus computes a new shape mattix = .~ /2U wherey is the
rejected. The values af/2, =1, e~1/2 are assumed to be  second-moment matrix evaluatedzit using the refined es-
downloaded at runtime to avoid the cost of accurately esti- timates fors; ando . The value ofu~'/? is computed an-

mating these in hardware. alytically from the eigenvalues and eigenvectorg.off his
2 . . !
The Find Differentiation Scale block attempts to find :23?#5 also normalisds’ so that its maximum eigenvalue

the value forop that maximizes the value of the isotropy

measureQ = Amin(#)/Amax(x) wherep is the second

moment matrix as before. The differentiation scale is se- )
lected fromop; = s;o; whereo; is the value refined in ~ # become closer to being equalbecomes closer to a pure

the Find Integration Scalenodule, ands; takes on\/ = 6 rotation (a_nd hen_ce the energy of the warped image gradient
evenly spaced values in the ran@é . .. 0.75 as suggested bicom)\es_motr(;p;c). Oncet:]he q_uanﬁtyr v )‘mig/)‘m%x’
in [12]. The new value fos , will affect Gaussian smooth-  /N€"€Amin andAmaxare the eigenvalues gf, drops be-

ing kernels used in subsequent estimates of the secong©W the threshold of 0.05, the feature is considered to have

moment matrixu. If none of the@s for the differents; converged. The o_utput§ of the iteration mongIe are the cur-
are above 0.2, status is set to rejected. Since the seconc{-ent featur_e location with respect_to the original imagje
moment matrix is computed for eaeh the value ofu for _current e_st|mates far; andl/, and fln_ally the feature s_tatus
the selected differentiation scale is passed on tGratial |nfor.mat|on. These values serve to identify the locatiod an
Localisation block, shown in Figure 6, which recomputes spatial extent of the featqre, an_d can be subsequently used
the location of the maximum of the corner function over to compute feature descriptors if desired.

the warped image patdliy. This location becomes the new

At this stage in the iteration block, a test for convergence
is applied. It is based on the idea that as the eigenvalues of

feature location in the warped coordinates. 3. Estimated Resource Usage
The location of the current feature with respect to the In this section we will report initial estimates for the ex-
original image is then computed &= 7 + U (%), — Z.,), pected resource requirements for implementing the pro-

where thew subscript indicates coordinates with respect to posed architecture. The estimates will be given in two
the image patch’, andz,, is the new maximum’s location ~ forms. The first is counts for the different basic process-



Find Integration Scale

Eps sgmalo RETEVE GATSSaT———— - apPIOX_scakel0
sqriEps sigmal0 = current_sigmal ocfficients —> dlsigmalo)
nv_Eps L sigmal1 TeeTeve Cavesam | a- approx_scalell
- sgmall = sigmal0iny_Eps Coefficients | ——»- g(sigmal1)
inv_sartEps sgmal2 = sgmai2 ReTeve Gawssan | ——» approx_scalel2
status Sgmal0*iny_sqiEps Conticons |+ glegmaiz)
o X current_sigmal Sgmai3 = sigmal0'sqrEps sgmai3 TEEvE CARSEn . approx_scalel3
o aoul] Check Sgmal4 = sigmal0*Eps [ Coeficknts __|—— g(smai3)
X =lxrow,xcol ko sigmal4 [TeTeve Camssan | approx_scakld
X =howowxwel datus Coornn = g(sgmald)
" x
i delay i
L f
— pixel
pixel =[prow,p | dely \ status,
glsigmalo) ]
Lxx0
: w -g(y.sigmalo) g(x.sigmalo) =[0G = sgmal0*abs(Lxx*Lyy) LoGO
osigmai) — ot
a0 saman ] Ly[-gesgmany 4™ o6 = sgmaabsorlyy) 08!
gsigmai2) 1 o2
H-[-ovsomap) ] Lp[-oxsgmam)_} o6 =~ spmazabs(orlyy) LoG2
glsigmalo) — |
[r[~90.sigmaB) l_Ld~9(Xv5‘GmE‘3J [EEELS L0G = sigmal3 abs(LxoxrLyy) '_>“’53
gsigmak) — oon
P rovsamam ~g(.sgmala) Lxx4 LG = si| DoxrLyy) ad
glsigmal) | Lyyo
F[-ovs0ma0) | Ly[-otxsgmain) 4122
osigmatt) —| Lyt
[~00Sgman) gwsgman) |
glsigmal2) L
Hr-o0.50map) L [osemaz) | 2
glsigmal0) Lyys
90 SgmaB) TowSgman) Y
glsigmald) ya
LoG_threshold 30 o) s
LoGO
LoGl — | Find Maximum LoG
ez
ot maxtos 2 sigmanew
LoG4 max(LoGOL0G1,...,LoG4)
approx_scaleld ——! ifmaxLoG=LoG i
approx_scalell ———*|  sigmalnew <= pass
approx_scalel2 — v approx_scalel i
approx_scalels —| glsigmanew)
approx_scaleld | g(nsd\amal D}
9(sigmal0). ———=| ffmay oG < LoG_threshold
gisigmall) —w| " PSS
g(sigmal2) —pf€5e
glsigmald) —w| PESS<L
glsigmald)
Find Dierentiaton Scale
sRange —
(sLszesM) . approx_scale ]
I ELLIN appros_scaeD1
Samanen T s s | SO [ FEEET T om0 gy o N
I} Check U Coeficients g(sigmaD2) delay -
e e Fm somom=domanewsn | aporon scaem I
atsigmameny || [ “oisgmanew oo oo - ‘
— sgmaine
st .
= 7 Iy
oot ]
ixel [ oo | s
asmany) _ g
w mage o farsgmaoy -t "
derivaives
dxdy L
a(sigmaD) Ly
o« o soeon | Lot ]|
a(samay)
oy _“HRFovsonaon  Lyfowsgmaon H-
Lxe
LUM  aprox_scalem:
asomaony | . M appon_saleon
o TP ravsamaon ] Lyjaraamanny w Wy
approx_scaleD1
alsigmainen) Compute
5. e o ey symmety rasio
[P [ oo Compue sgenvalies  |lamdaMaxD1 | Q <- miamint | o1
= oy of lamdabtax -
Lyt FrFwsmaren ] Lfwsmamon HS% 1 ooty | ey | (famisimcoz VaxQ signadne:
" iy'ty 2 e=0) Q- e
wa Fousigmaiew) I 2 axQ: [ Ll
] L] max(@1.02...QM) £
[ol
= Lm
L EEsbmmerey ]Lofs } Compite pasg
: symmey rato
= e of
Ly Fovsomanen ] Lyfobsomanen -2 vty [ammnoy | Q< am
ﬁ—\ Lym Lity'ty # (tlamdamax<o2, |
o Fovmmmarey | lyformomamen
Ly o= o } e I
WL pass <=1
sy o
deky H[
el
|

Figure 5: Architecture of module for finding.
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ing units such as adders, multipliers, and dividers. Thesedifferent affine transforms (perhaps using basis filterqias i
estimates can be used to generate rough estimates for ththe popular steerable filter implementations by Freeman and
required logic resources on a target FPGA device indepen-Adelson [4]), then considerable savings might be expected
dent of the manufacturer or device family. The second form in both theMultiscale Harrisblock and thdind Differenti-

of resource estimation will be related to the number of re- ation Scaleblocks.

quired logic elements on Altera Stratix S80 devices, four of
which are available on the target development environment
for the current implemetation.

The multiscale Harris corner detector module will re-
quire the following: 485 adders, ranging in size from 8 to
48 bits; 344 multipliers, ranging in size from 9 to 24 bits;
and 230 buffers requiring 2972 Kbits of on-chip RAM. In In addition to the task of finding more efficient compu-
total, the module will consume roughly 99% of a Stratix tational approaches, there are a number of potential chal-
S80 FPGA? It should be noted that the LUT usage is likely lenges to successful implementation of the proposed archi-
a significant over-estimate, as some of the multipliers will tecture. First, only a limited range of values for can be
likely be targeted to the 176 dedicated multipliers and/or considered. This will limit the possible scales at which-fea
22 DSP blocks on the device, thus not using general pur-ture points can be found in the incoming images. This is
pose LUTs. Also, some buffers will be automatically syn- related to the fact that the number of scanline buffers is pro
thesized into flip-flops that accompany the LUTs used for portional to the size of the Gaussian filter kernel multiglie
other purposes. Finally, no attempt has been made yet tdoy the width of the incoming image, thus limiting the size
find the minimum size of multipliers that will yield accept- of the Gaussian filter kernel. While it may be possible to re-
able performance, and this may further reduce resource useursively filter the incoming image at different scalessthi
age. A similar analysis shows the iteration block as con- does not alleviate the problem completely as intermediate
suming 140% of the resources of an S80, but again this isbuffers will be necessary between successive stages. This
expected to be an over estimate. Since it is highly desirableissue is expected, at worst, to lower feature point yields bu
for the iteration block to reside on a single device, a care- not prevent successful detection of features.
ful analysis is required to determine precision requireisien
and how resources might be saved by reducing bit-widths
to the minimum required sizes. Table 1 gives a summary
of resource usage, and explicitly indicates the propoxtion

4. Anticipated Challenges

A second concern relates to a scanline buffer required by
the Normalise Windowblock. This buffer is necessary to
allow the generation of the warped imagé on which the

LUTs that are not used by multipliers in order to geta Sensecomputaﬂons in each |ter§1t|on are carried out. For large va
ues ofo; the support region being mapped could be quite

of potential savings by transferring as many multipliers as s . P
possible to the embedded multipliers and DSP blocks. The!arge, requiring a large scanline buffer. Further, if thigfér

LUT counts that include multipliers are computed as if no > shared among the multiple iteration blocks, then synchro

embedded multipliers or DSPFE)Iocks were bsin used Thenized access is require to prevent collisions when acagssin
. : P g "~ . “memory. Much simpler, but more resource intensive, is to
iteration block also has a number of elements not occuring . ; . .

in the multiscale Harris block: a number of square root op- provide a separate scanline buffer for each iteration block
erations (an 18-bit square roét requires 139 LUTs. a 24-bitA further synchronisation issue exists if a feature point in

square root requiresqzz3 LUTS) qand some unsig,ned OliVi_the iteration pipeline attempts to warp scanlines that have
sions (for 10-bit numbers this re,quires 128 LUTs). While not yet arrived, although this could be handle by marking

. . : the point as rejected and simultaneously re-insertingdt in
these operations require substantially more resources tha,, ~ .. . .
- . the initial point buffer for subsequent re-processing.
multipliers, they are far fewer in number and so are not the
main concern when it comes to finding more efficient im- Finally, there is the issue of searching for cornerness
plementations. maxima within the 8-neighbourhood of the current max-
Itis evident that implementation of this algorithm on FP- imum. There is no guarantee that the new maximum
GAs will be very resource intensive. It therefore becomes aWill be within one pixel of the current one. One solu-
priority to seek more efficient methods to carry out the var- tion is to consider larger neighbourhoodsX 5 or 7 x
ious stages of the computation. For example, if an efficient 7). However, it may be that the cornerness function is
scheme can be devised for computing second-moments fosmooth enough that even if the true maximum is not within
the 8-neighbourhood, that the local maximum in the 8-
2An S80 has 79,040 LUTs, 7253 KBits on-chip RAM, Nheighbourhood will be in the right direction and the fea-
176 embedded multipliers and 22 DSP  blocks. See ture’s convergence will be merely slowed down, but not pre-

http://ww. al t er a. conl product s/ devi ces/ stratix/ vented. It is possible that other issues will arise as imple-
f eat ur es/ st x-dsp. ht nl for further details. .
mentation proceeds.




LUTs LUTs (excl. mults.) Memory [Kbits]

Total: Multiscale Harris 78728 (99.6%) 22888 (29.4%) 2905 (40.0%)
Normalise Window 3325 ( 4.2%) 1987 ( 2.5%) 5.1 (0.08%)
Integration Scale 27032 (34.2%) 12186 (15.4%) 7.5 (0.1%)
Differentiation Scale 70551 (89.3%) 29335 (37.1%) 58.9 (0.8%)

Spatial Localisation 4329 ( 2.3%)
Update Shape Matrix 4990 ( 6.3%)

1803 ( 2.3%)
2816 ( 3.6%)

Total: Iteration Block 110227 (140%)

48127 (61.0%) 71.5 (1.0%)

Table 1: Resource Usage Estimates for Stratix S80

5. Conclusions

This paper presents an architecture for an affine-invariant 3]
feature detector based on the algorithm proposed in [12].
The implementation of this architecture is currently under
way, using Altera’s Stratix family of FPGAs on a custom
development platform. The architecture is modular in the
sense that one can choose the maximum number of itera-
tion blocks to suit the implementation to a specific FPGA
device. Should multiple devices be required, the iteration
blocks provide a convenient partitioning of the implemen-
tation to simplify its distribution across several FPGA$: A
though the proposed architecture shows multiple iteration
blocks pipelined to maximize throughput of feature points,
the same block can be used in a state machine that usesl’]
one iteration block to iterate feature point candidates, bu

at a lower throughput. The multiscale Harris corner detec-

tor module can also be parameterized accordingy tdhe (8]
number of different integration scales used to search for in

tal points.

An initial estimate of FPGA resources required to im-
plement this architecture, in terms of LUTs on Stratix se- 0]
ries FPGAs, is given. While the estimates are intended to
be conservative, they should provide a sense of the resource
requirements for the implementation. As our implementa- [10]
tion proceeds more accurate resource estimates will become
available.

The ability to identify affine invariant feature points at [11]
frame rates is a valuable functionality to add to a smart
camera, and is expected to advance the state of the art of
frame-rate computer vision implementations. [12]

(4]

(6]
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