


distance transformed images. The h uge pip eline uti-

lized for the subsequen t correlation is describ ed as

are tec hniques for the reduction of FPGA resource

requiremen ts and optimized handling of the data of

sev eral distance transformed images. F or implemen ta-

tion, sim ulation and syn thesis w e used CHDL (a C++

based Hardw are Description Language), whic h is b e-

ing dev elop ed at the Univ ersit y of Mannheim since

1995 [10 ]. This to ol enables a v ery high lev el of in-

tegration for HS/SW co-design, whic h is a big adv an-

tage for this kind of distributed application. All our

FPGA implemen tations target PCI based FPGA co-

pro cessors. The initial tests ha v e b een carried out

on the commercial b oards �Enable-I and its successor

�Enable-I I [8]. The �Enable-I series of b oards is based

on the Xilinx X C4000 family of FPGAs supp orted b y

a single memory bank. The �Enable-I I series uses an

X CV1000 FPGA with 2 banks of memory .

F or the �nal implemen tation w e are using the

RA CE-1 co-pro cessor dev elop ed at the Univ ersit y

of Mannheim [11 ]. Primarily , it comprises a XIL-

INX Virtex-2 FPGA (X C2V3000) and four 36 bit

wide 133 MHz SRAM banks. Moreo v er it supp orts

64bit/66MHz PCI and has m ultiple connectors for ex-

ternal in terfaces, e.g. to digital cameras.

The outline of the pap er is as follo ws: In section 2

w e in tro duce the basics of the agorithm as describ ed

in [1 ]. In section 3 w e describ e the mapping of the

prepro cessing on to FPGA, resulting in building t w o

large pip elines. In section 4 a pip elined approac h is

presen ted to calculate the correlations of m ultiple tem-

plates in parallel. Some issues concerning optimal use

of FPGA resources are discussed. Section 5 presen ts

p ossible strategies ho w to com bine the pip elines of pre-

pro cessing and template matc hing and ho w to increase

the n um b er of templates. W e �nish with results and

conclusion.

2 The Matc hing Algorithm

2.1 Matc hing with Distance T ransforms

A distance transform (DT) con v erts a binary im-

age consisting of feature and non-feature pixels in to

an image where eac h pixel v alue denotes the distance

to the nearest feature pixel [3, 1]. Figure 1 illustrates

a Euclidean Distance T ranform (EDT). More often,

DTs suc h as the chamfer-2-3 transform are used, pro-

viding go o d in teger appro ximations of true Euclidean

distance at lo w computational cost. These DTs are

computed in raster scan fashion; they appro ximate

global distances b y propagating distances lo cally using

a mask of �xed size and shap e, in a manner indep en-

den t of the feature lo cations in the image.
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Figure 1: A binary pattern and its Euclidean Distance

T ransform

Matc hing with DT is illustrated sc hematically in

Figure 2. It in v olv es t w o binary images, a segmen ted

template T and a segmen ted image I , whic h w e will

call \feature template" and \feature image". The \on"

pixels denote the presence of a feature and the \o�"

pixels the absence of a feature in these binary images.

What the actual features are, do es not matter for the

matc hing metho d. T ypically , one uses edge-p oin ts,

and w e will do so throughout this pap er. The feature

template is giv en o�-line for a particular application,

and the feature image is deriv ed from the image of

in terest b y feature extraction.

DT

Feature
Template

Image
Raw

 DT
TemplateImage

Feature
Image
(binary) (binary)

             DT DT

correlation

feature extraction

Figure 2: Matc hing using a DT

Matc hing T and I in v olv es computing the distance

transform of the feature image I . The template T

is transformed (e.g. translated) and p ositioned o v er

the resulting DT image of I ; the matc hing measure

D ( T; I ) is determined b y the pixel v alues of the DT

image whic h lie under the \on" pixels of the template.

These pixel v alues form a distribution of distances of

the template features to the nearest features in the

image. The lo w er these distances are, the b etter the

matc h b et w een image and template at this lo cation.



A n um b er of matc hing measures can b e de�ned on

the distance distribution. One p ossibilit y is to use the

a v erage distance to the nearest feature. This is the

chamfer distance

Dchamfer ( T; I ) �

1

j T j

X

t2T

dI ( t) (1)

where j T j denotes the n um b er of features in T and

dI ( t) denotes the distance b et w een feature t in T and

the closest feature in I . The c hamfer distance th us

consists of a correlation b et w een T and the distance

image of I , follo w ed b y a division. In applications, a

template is considered as matc hed at lo cations where

the distance measure D ( T; I ) is b elo w a user-supplied

threshold �

D ( T; I ) < � (2)

Figure 3 illustrates the matc hing sc heme of Figure

2 for the t ypical case of edge features. Figure 3a-b

sho ws a \to y" image and template. Figure 3c-d sho ws

the edge detection and DT transformation of the edge

image. The distances in the DT image are in tensit y-

co ded; ligh ter colors corresp ond to increasing distance

v alues.

(a) (b)

(c) (d)

Figure 3: (a) original image (b) template (c) edge im-

age (d) DT image

The adv an tage of matc hing a template (Figure 3b)

with the DT image (Figure 3d) rather than with the

edge image (Figure 3c) is that the resulting similar-

it y measure is smo other than a function of the feature

p ositions, allo wing tolerance b et w een a template and

an ob ject of in terest in the image. Matc hing with the

unsegmen ted (gradien t) image on the other hand t yp-

ically pro vides strong p eak resp onses for \ideal" tem-

plates, but rapidly declining o�-p eak resp onses with

sligh tly increasing template-image dissimilarit y .

F or real images, edge segmen tation also in tro duces

spurious edges. In order to reduce the signi�can t im-

pact isolated edge p oin ts can ha v e on subsequen t dis-

tance transform computation, an additional �ltering

step is t ypically p erformed; it in v olv es the remo v al of

all connected edge segmen ts of size b elo w a certain

user-supplied threshold.

2.2 Extension to Multiple F eature-T yp es:

Edge Orien tation

No distinction has so far b een made with regard to

the t yp e of (edge) features. All features w ould app ear

in one feature image (or template) and, subsequen tly ,

in one DT image. If there are sev eral feature t yp es,

and under consideration of the matc h of a template at

a particular lo cation of the DT image, it is p ossible

that the DT image en tries re
ect shortest distances to

features of non-matc hing t yp e. The similarit y measure

w ould b e to o optimistic, increasing the n um b er of false

p ositiv es one can exp ect from matc hing.

A simple w a y to increase matc hing discrimination

b y distinguishing m ultiple feature t yp es is to use sep-

arate feature images and DT images for eac h t yp e.

Th us ha ving M distinct feature t yp es results in M

feature images and M DT images. Similarly , the \un-

t yp ed" feature template is m ultiplexed in M \t yp ed"

feature templates. Matc hing pro ceeds as b efore, but

no w the matc h measure b et w een image and template

is the sum of the matc h measures b et w een template

and DT image of the same t yp e.

Considering the case of edge p oin ts as features, w e

use edge orien tation as feature t yp e b y partitioning

the unit circle in M bins

f [

i

M
2 �;

i + 1

M
2 � ] j i = 0 ; :::;M � 1 g (3)

Th us a template edge p oin t with edge orien tation  is

assigned to the t yp ed template with index

b

 

2 �
M c (4)

W e still ha v e to accoun t for measuremen t error in

the edge orien tation and the tolerance w e will allo w

b et w een the edge orien tation of template and image

p oin ts during matc hing. Let the absolute measure-

men t error in edge orien tation of the template and im-

age p oin ts b e � �T and � �I , resp ectiv ely . Let the al-

lo w ed tolerance on the edge orien tation during matc h-

ing b e � �tol . In order to accoun t prop erly for these



quan tities, a template edge p oin t is assigned to a range

of t yp ed templates, namely those with indices

fb

(  � � �)

2 �
M c ; :::; b

(  + � �)

2 �
M cg (5)

mapp ed cyclically o v er the in terv al 0 ; :::;M � 1, with

� � = � �T + � �I + � �tol (6)

F or applications where there is no sign information

asso ciated with the edge orien tation, a template edge

p oin t is also assigned to the t yp ed templates one ob-

tains b y substituting  + � for  in Equation (5).

2.3 Matc hing algorithm comp onen ts

In summary , our matc hing algorithm has the fol-

lo wing logical comp onen ts. F or the prepro cessing of

the scene image:

1. edge detection

2. edge noise remo v al

3. computation of distance transform

F or the actual matc hing:

4. correlation b et w een template and DT image

W e no w pro ceed with the description of the FPGA

implemen tation of the ab o v e comp onen ts in the fol-

lo wing sections.

3 Arc hitecture of Prepro cessing

The prepro cessing basically consists of edge detec-

tion, morphological clean and distance transforma-

tion. Additionally , there are some data-formatting

steps in order to accelerate memory access. All

these op erations are w ell suited for a straigh tforw ard

pip elined implemen tation on an FPGA. F or the cal-

culation of the distance transformation w e use a se-

quen tial approac h utilising a forw ard and a bac kw ard

step. After calculating the forw ard tansformation the

in termediate result image m ust b e stored. Hence the

total prepro cessing is comp osed of t w o parts. First

the edge detection, morphological clean and forw ard

distance transformation tak es place in one pip eline as

sho wn in Fig. 6. Bac kw ard transformation and data

formatting are p erformed next. The data 
o w is dis-

pla y ed in Fig. 7.

In the remainder of this section w e will describ e the

hardw are implemen tation of all the mo dules sp eci�c

to Sob el and distance transformation. A summary of

FPGA resource utilisation and pip eline depths for all

prepro cessing mo dules is giv en in T ab. 1.

3.1 Edge Detection

T o determine the edges w e use the Sob el op erators

for x and y direction. They b elong to the class of

linear shift in v arian t (LSI) op erations. The 3 � 3 con-

v olution mask of the Sob el op erator uses an tisymmet-

ric co e�cien ts, as sho wn at the top of Fig. 4. These

neigh b ourho o d transformations are v ery often calcu-

lated b y shifting the mask line b y line o v er the image.

Our implemen tation in hardw are is done the other w a y

round: the mask is �xed and the image is transformed

under the mask line b y line. F or more details on im-

plemen ting (LSI) �lters on FPGAs see e.g. [9].

Tw o complete lines from the original image are

copied to in ternal FPGA Blo c k RAM and the cur-

ren tly pro cessed 3 � 3 region is k ept in shift register

arra ys (SRA) for fully parallel access. The registers

and Blo c k RAM are used for b oth x and y Sob el op er-

ators. The calculations are done in parallel with t w o

pip elined arithmetic units (A Us), as sho wn in Fig. 4.

Eac h A U is able to pro cess the 3 � 3 pixels in one cycle.

This allo ws to feed a new pixel in to the shift register

arra y (SRA) at ev ery clo c k cycle.

� �

� �

�

� �

� �

�

	 �

� 
 � � 
 � � � � 
 � � 
 � � �

� � � � � � � �

	 �

	 �� � �

� �

�

� �

�

� �

�

	 �	 � 	 �

� � � � � � � �� � � � � � � �

� �

� � � �

� �

� � � � � 
 �

� 
 � � 
 � �

�

�

�

�

Figure 4: Hardw are implemen tation of Sob el op erator.

F or the calculation of the b order pixels there is no

need to apply tec hniques suc h as zero extension or

extrap olation. Instead, the calculation is con tin ued

o v er the b order, whic h can b e seen as a p erio dic ex-

tension.



T o �nd the features in a binary image the sum of

Sx and Sy is �rst determined, then the threshold is

c hec k ed. Only if the sum is ab o v e the threshold, the

pixel is considered to b e a feature pixel.

P arallel to the threshold ev aluation a discrete ori-

en tation v alue is deriv ed and 1 of 8 directions assigned

to the pixel, according to the corresp onding o ctan t of

the pixel p osition. The result v alues are clipp ed to 4

bit precision.

3.2 Morphological Clean

The aim of the clean op eration is the elimination

of noise in the binary edge image. Three or less con-

nected pixels, the \isolated" pixels, are eliminated. In

soft w are this morphological op eration is implemen ted

in a hierarc hical w a y whic h in v olv es purely random

memory access.

Since this strategy is not w ell suited for an FPGA

implemen tation, the clean mo dule is built as a pip eline

with a logic unit (LU) with parallel access to all rel-

ev an t pixels. Again, the pixels are stored in a SRA

of size 7 � 5. The LU detects in parallel all p ossible

com binations of three or less connected feature pixels.

The result of the clean op eration is used to mask

in v alid pixels in all 8 directional Sob el images prior to

initializing the DT data structure in external RAM.

3.3 Distance T ransformation

T o appro ximate the Euclidian distances w e use the

sequen tial c hamfer 2-3 metric, as describ ed in [3 ] and

Section 2.3. A non-symmetric forw ard and bac kw ard

mask, as illustrated in Fig. 5, is hardwired in to the

FPGA and the image is translated under this mask,

�rst in forw ard, then in bac kw ard direction. All 8

directions are pro cessed in parallel. F or the calculation

of the distance v alue w e use 5 bit in tegers. The results

are clipp ed to 4 bits, allo wing to com bine all directions

of a pixel in to a single memory w ord suitable for the

a v ailable hardw are.

The forw ard and bac kw ard masks are similar, so

that w e only need a single hardw are realisation. In

b oth cases the data at the curren t p osition has to b e

compared to the minim um of the three corresp onding

pixels in the preceeding line. This in termediate re-

sult has to b e compared with the neigh b ouring pixel

whic h is already stored in the register, as sho wn on the

b ottom righ t of Fig. 5. The result is written to the

in ternal Blo c k RAM and is also stored in the register

at the b ottom righ t after b eing incremen ted b y 2.

Up on initialisation and in the b order region a m ul-

tiplexer supplies a sa v e v alue to the DT output.
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Figure 5: Pip eline of disctance transformation.

The alternativ e parallel approac h [3] has a 16-fold

resource requiremen t and is therefore not considered

in the presen t w ork.

3.4 Con trol and Resources

The pip elined structure of the t w o prepro cessing

sections is depicted in Fig. 6 and Fig. 7. In the �rst

phase, data is read on ev ery clo c k cycle from the left

RAM and en tered in to the pip eline. After the latency

of the pip eline, giv en in T ab. 1, the result is written

to the righ t RAM, again in ev ery cycle. This pro cess

includes the transformation of a single input image

in to 8 feature images. During the second phase, data

are read from the righ t RAM and written to the left

RAM. All 8 orien tations are pro cessed in parallel.

Apart from the basic con trol of the prepro cessing

steps care has to b e tak en of initialisation of the v ar-

ious subsystems and of sync hronisation with external

mo dules lik e RAM and host in terface.

The resource utilisation of the t w o pip elines for im-

ages of size 512

2
is giv en in T ab. 1. The size of the

image only a�ects the use of in ternal Blo c k RAM. The

n um b er of DT images and the precision are �xed and

don't ha v e to b e considered.
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4 Arc hitecture of T emplate Matc hing

In this section w e describ e in detail a pip elined,

parallel approac h for calculating the correlation for

m ultiple templates. In some w a ys our pip elined ap-

proac h is similar to the calculation of Sob el. The rel-

ev an t data with regard to all m ultiple templates are

stored in shift register arra ys (SRAs) and all correla-

tions of all templates are carried out sim ultaneously b y

pip elined adder trees. Dep ending on the n um b er, size

and shap e of the templates v arying amoun ts of FPGA

resources are used. Their n um b er could b e reduced

b y optimization of adder trees or di�eren t calculation

strategies as describ ed in Section 4.3 and 5. With re-

gard to the usage of FPGA resources it is imp ortan t

that the extension of the templates is not to o large

compared to the image size. It is adv an tageous if the

templates are uniform, compact or conca v e. These

attributes apply to templates corresp onding to traf-

�c signs. F or the momen t w e restrict our calculations

to 12 circles and 12 triangles with radii from 7 to 18

pixels. P aragraph 4.2 describ es in detail the optimal

handling of data of 8 DT images, so that no mo dules

are in w ait state.

Op eration Slices Blk Ram Dela y

Sob el � 150 1 2 � W+6

Abs � 8 1

Threshold <8 1

Direction <25 2

Clean � 270 1 4 � W+7

Dem ult. <20 2

8 DT � 8 � 110 2 1 � W+2

Con trol � 340 -

P
� 1700 4 7 � W+21

T able 1: Resource requiremen ts and latencies for pre-

pro cessing on X C2V3000 XILINX. W is the width of

the image using 8-bit input data.

4.1 P arallel Pip elined Matc hing

T o calculate the correlation of one template the fol-

lo wing summations m ust b e p erformed, see Equ. 1.

First, the pixels of one DT image corresp onding the

template p oin ts ha v e to b e added up. Second, this has

to b e done 8 times, once for ev ery DT image. Third,

the sum of these 8 in termediate sums has to b e calcu-

lated. F or N templates this has to b e done N times.

In our FPGA design all correlations of all templates

are carried out sim ultaneously . This has the follo wing

e�ects: F or eac h DT image w e generate one shift reg-

ister arra y (SRA) to ha v e access to those pixels corre-

sp onding not only one template but also all templates,

as seen in Fig. 8. Since the correlations are calculated

on 8 DT images, w e generate 8 of these SRAs as sho wn

in Fig. 9. T o eac h template one adder tree with access

to all relev an t SRAs is assigned.

Normally , eac h of the 8 SRAs will di�er in exten-

sion dep ending on the shap e of all templates. Due to

this, the relativ e lo cations of the SRAs also c hange, as

sho wn in Fig. 9. This implies that the input data of

the SRAs m ust b e read b y di�eren t addresses of the

DT images. The utilization of these SRAs is high if

the templates ha v e the ab o v e men tioned attributes.

The c hamfer measure for eac h template is calcu-

lated with an arithmetic logic unit (ALU) consting of

pip elined adder trees and threshold mo dules as indi-

cated in Fig. 9 and Fig. 10. The ALU has paral-

lel access to all DT pixels relev an t for all templates.

Because of this it could b e c hec k ed in parallel if the

c hamfer measure is b elo w all thresholds, see Equ. 1.

No in termediate v alues are calculated and to b e stored

in the extern RAM. The adder tree w e use has the

sp ecial feature that registers after ev ery x-th stage of

adders can b e included.
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Figure 8: The SRAs are generated generically for eac h

DT image dep ending on the shap e of m ultiple tem-

plates. This is sho wn for t w o fragmen ts of lines as

suggested in the b old registers. These registers of eac h

template are connected with the inputs of adder trees.

The calculation strategy is similar to Sob el: the DT

images are translated line b y line under the hardwired

templates. If one output of the thresholds is high, the

data of the address coun ters and all threshold data

will b e stored in in ternal Blo c k RAM as sho wn in Fig.

10.

4.2 Con trol

As describ ed ab o v e w e build one pip eline consisting

of 8 SRAs and the ALU. The SRAs can b e �lled with

DT pixels in a w a y that eac h SRA receiv es one input

data p er clo c k cycle. This is done b y storing the 8 DT

images in di�eren t sections in the extern RAM and 8

neigh b oured DT pixels in ev ery address as describ ed

in Section 3.4. W e re-sort the data after reading as w e

sorted the data b efore storing after DT. So in ev ery

8-th clo c k cycle eac h sorting mo dule is loaded with 8

� 4 bit DT pixels. Th us the pip eline w orks highly

e�cien tly and there is no un used logic.

T o �ll the pip eline is somewhat di�cult. Because

of the di�eren t extensions of SRAs, w e need di�er-

en t n um b ers of cycles to �ll them with pixels. First,

w e start to �ll the SRA with the biggest extension.

Then the next SRAs are �lled sim ultaneously in time,

eac h one shifted b y one cycle. When all 8 SRAs are

�lled only correct DT pixels are in the pip eline. Since

w e stored 8 neigh b ouring DT pixels in one address it
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Figure 9: Generation of 8 shift register arra ys (SRAs)

at the example of 2 circle templates. The di�eren t

extensions and lo cations of all 8 SRAs is sho wn.
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Figure 10: Data 
o w of template matc hing. The con-

nections b et w een SRAs and adder trees is optional.

could happ en that the \real" address of one pixel is

not a m ultiple of 8. This additional o�set is comp en-

sated with a few shift registers inserted b et w een the

re-sort and SRAs mo dules.

Using this strategy w e can guaran tee that all SRAs

are loaded in ev ery clo c k cycle with one input pixel.

This means that the pip eline is nev er stalled and all

registers can alw a ys b e clo c k enabled (CE). Th us high

fan out of CE signals can b e prev en ted sa ving a no-

ticeable amoun t of routing net w ork.

While the pip eline is �lled with data no results of

p ossible matc hed templates are stored. A t the b order

no sp ecial pro cessing is done. The calculation is con-

tiued o v er the b order and an y results that o ccur are

discarded. The subsequen t v eri�cation of these de-

tection results is conducted on the PC. F rom the ad-



dresses the x and y co ordinates and from the threshold

data the t yp es of templates will b e determined.

4.3 Optimizations

First, it is p ossible to remo v e the un used registers

from the SRA and to replace them b y in ternal \dis-

tributed" RAM. This is only useful if they are neigh-

b oured and connected.

Second, resources of adders could b e sa v ed if the

commonalities of top ological similar templates are

tak en in to accoun t, whic h is describ ed b y means of ex-

amples in [7]. Calculating the correlation for one tem-

plate will no longer b e done b y one adder tree alone.

P arts of adder trees are shared.

)

� %

)

� %

Figure 11: Ab o v e, templates concerning to cen tral

p oin ts are giv en. The translated templates are sho wn

b elo w. The top ological similar triangles merged b est.

Often the represen tation of templates is giv en with

regard to the cen tral p oin ts as sho wn at the top of

Fig. 11. No o v erlapping will then happ en within the

template classes of circles and triangles. T o increase

the amoun t of templates with o v erlap, w e prop ose

translations as indicated at the b ottom in Fig. 11. Af-

ter translation the triangles merge b est and the gain of

FPGA resources for adders is high. But it has to b e

tak en in to accoun t that the translation of templates

also e�ects the extension of the SRAs. F or the tri-

angles, the extensions of the SRAs corresp onding to

line c will shrink, to line b, they will sta y the same

and to line a, they will sw ell. The w a y the circles are

translated as sho wn in Fig. 11 only little o v erlap is

gained. The extensions of the upp er four SRAs will

increase and the lo w er will decrease. Supp osedly there

is no o v erall gain of resources or ev en more resources

ma y b e needed. Gain of o v erlap will also b e reac hed

b y putting the templates of di�eren t classes o v er eac h

other. It is unclear ho w to do this in an exact w a y .

W e think that it is necessary to put all this in to a

systematic approac h and to form ulate an in teger pro-

gramming problem.

5 F urther W ork

The gain of FPGA resources ac hiev ed b y merging

similar templates and other optimizations as describ ed

in Section 4.3 ha v e to b e accomplished.

F urthermore, the design for camera readout, pre-

pro cessing and matc hing has to b e in tegrated in one

design as w e did for other image pro cessing applica-

tions as describ ed in [5].

The second pip eline for prepro cessing, the bac k-

w ard transformation of DT, the sorting of pixels (see

Fig. 7), and the pip eline for template matc hing (see

Fig. 10) could b e com bined in one pip eline. Storage,

sorting and resorting of data b ecome redundan t. The

di�eren t read-out addresses caused b y the di�eren t ex-

tensions of SRAs m ust b e comp ensated b y in ternal

Blo c k RAM b et w een the output of the DT mo dules

and input of the SRAs. The biggest SRA needs no

Blo c k RAM, the smallest needs most.

Generally it is p ossible to build one big pipline of

prepro cessing and matc hing if are used parallel DTs.

In this case the template matc hing m ust b e calculated

in forw ard direction whic h requires a turning of the

templates. T o b e sure, w e w ould only concen trate on

this approac h, if the use of FPGA resources is no sen-

sitiv e issue.

Using images of a size more than 512 � 512 pixels,

in ternal Blo c k RAM could b e sa v ed b y calculating the

correlation not on the whole DT images, but on strip es

of them. The maxim um size of one strip e could b e 512

plus the extension of the smallest SRA in x direction.

The o v erlap of t w o neigh b ouring strip es has also b een

tak en in to accoun t, since at the b order of the strip es

no results will b e found.

T o increase the n um b er of templates of the same

shap e but of di�eren t scale, orien tation or sk ew it is

adv an tageous to put only the basic templates in our

matc hing metho d and calculate the correlation of the

others b y transforming the images. Hardw are imple-

men tations for 2 times do wn-sampled and rotated im-

ages are giv en e.g. in [12]. In this case the image m ust

b e transformed b efore the prepro cessing, whic h means

that the total computing time m ultiplies. Th us it gets

clear that if the FPGA resources are the b ottlenec k,



the trinagles up and do wn are tak en in to accoun t only

once.

Another metho d to increase the n um b er of tem-

plates is to use FPGAs with submillisecond recon�gu-

ration time. The prepro cessing will then b e done only

once and the matc hing will b e retried. The p ossibilit y

of partial recon�guration reduces the recon�guration

time signi�can tly . In this case the b est strategy could

b e to �x the SRAs and the adder trees and to replace

the connections b et w een them only .

6 Results

The sim ulation of prepro cessing, template matc h-

ing and com bined prepro cessing and template matc h-

ing to top 6 circles has b een done successfully using

CHDL [10 ].

The Place and Route (P&R) of the designs is p er-

formed with P&R to ols (v ersion 3.1) from XILINX.

F or X C2V3000 FPGA results for prepro cessing (PP)

only and com bined prepro cessing and template matc h-

ing (TM) are giv en for 12 circles and 12 triangles in

T ab. 2. Also, the exp ected calculation times for 512

2

images are sho wn.

Slices Blk F req. Time

RAM [MHz] [ms]

PP 1712 (11%) 4 96 5.5

PP+TM 12 10443 (72%) 20 82 9.6

PP+TM 24 14334 (99%) 26 57 14.8

T able 2: Results of P&R for prepro cessing and tem-

plate matc hing and the exp ected calculation times for

512

2
images on X C2V3000 FPGA.

The designs ha v e so far b een tested on t w o di�eren t

demonstrator systems. First, grabbing, prepro cess-

ing and matc hing of 6 circles runs on three �Enable-I

b oards [8], eac h on one b oard. Second, the com bined

design of prepro cessing and matc hing of 12 circles runs

on one �Enable-I I b oard.

7 Conclusions

W e presen ted a no v el FPGA-based implemen ta-

tion for (edge-based) ob ject detection in images. The

v arious logical en tities of prepro cessing (edge detec-

tion, noise edge remo v al and distance transform), w ere

tigh tly in tegrated in to t w o large pip elines. T emplate

matc hing with distance images w as m ultiplexed to ac-

coun t for m ultiple edge orien tations, and implemen ted

in highly parallel fashion. As demonstrated in sim ula-

tions and actual tests on v arious FPGA b oards, the

follo w ed approac h resulted in high pro cessing rates

with e�cien t use of resources.
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