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H(lea) = 3" h(L,e12) + 5 hif, ca) (13)

The training curves are shown in Figure 8 They illustrate how the correct
classification of the training set is achieved. Some results in detection process
over & image sequence are visualized in Figure 0.

7 Conclusions

In this paper we have introduced & hierarchical feature selection structure that
reduce the total number of weak classifiers nesded to detect multiples ohject
classes. With this method the system finds comman features among objects and
generalizes the detection problem. :

Our approach is based on boosting over a set of simple local features. In
contrast to previous approaches, and to efficiently copa with orientation changes,
we propose the use of Haar basis functions and & new orientation integral image
for & speedy computation of local orientation.

References

1. Lowe, I.: Distinctive image features from scale-invariant keypoints. Int. J. Comput.
. Vision 60 (2004) 91-110
| 2. Viola, P, Jones, M.: Rapid ohject detection using s boosted cascade of simple
features. In: Proc. 15th IEEE Conf, Comput, Vision Pattern Recog., Kanal (2001)
511-518
3. Li, L.: Multielass boosting with repartitioning. In: Proc. 23rd Int. Conf. Machine
Learning, Pittaburgh (3004) To appear.

4. Eibl, G., Pleiffer, K.P.: Multiclass boosting for weak classifiers. J, Mach. Learn.

Res. 6 (2005) 180-210

5. Torralba, A., Murphy, K., Freeman, W.: Sharing features: efficiont boosting proce-
dures for multiclss object detection. In: Proc. 18th IEEE Conf, Comput. Vision
Pattern Recog., Wishington (2004) T62-T69

. Villamizar, M., Sanfeliu, A., Andrade-Cetto, J.: Computation of rotation local
invariant features using the integral image for real time object detection. In: Proc.
18th IAPR Int. Conf. Pattern Recog., Hong Kong, IEEE Comp. Soc. (2006) To

ar.

A ;‘E:.gmrglau, C.P., Oren, M., Poggio, T.: A genersl framework for object detec-
tion. In: Proc. IEEE Int. Conf. Comput. Vision, Bombay (1998) 555

B. Yokono, J., Poggio, T.: Oricnted flters for object recognition: An empirical study-
In: Proc. Gth [EEE Int. Coof. Automatic Face CGesture Recog., Seoul (2004) T55-
T )

9. Yokono, J., Poggio, T.: Rotation lovariant object recognition from one training
example. Technical Report 2004-010, MIT Al Lab. (2004 )

10. Freeman, W.T., Adelson, E.H.: The design and use of steerable filters, I[EEE Trans.
Pattern Anal. Machine Intell. 18 (1991) 891-906

11. Bchafaliteky, F., Zisserman, A.: Mulbi-view matching for unordered image sots, of
“How do I organize my holidey snaps™. In: Proe. Tth Europesn Conf, Comput:
Vision, Copenhagen, Springer-Verlag (2002) 414-431

On the Design and Implementation of a High
b Performance Configurable Architecture for Testor
%‘ _ Identification :

* Reaé Cumplido, J. Ariel Carrasco-Ochos, and Claudia Feregrino

) Computer Science Department, INAGE, Apdo. Postal 51 & 215
5 ) Tonantzintla, Pushla, México
foumpl ido@inacep . m, ariela inacep.ms, cferegrino@inacep. mx

.Miﬂlrll:l. Typical testors are 2 useful 100l to do festure selection in Stpervised
c]asnr'ncal:i_url problems with mixed incomplele data. However, the complexity

o approaches like hevristie alporithms, paraliel and distributed processing, have
.1 B been developed. In this Paper, we present a configurable cogtom architectiere for
=35 the efficient identification of testors from g given input matriz. The
s aschitectural design is based on n bruts force approach that is suitabde for high

o ; Populated input mairixes. The architecture has been designed o deal with
parallel processing and can be configured for any size of matrix, The
i architecture is able to evolume if a vector is a testor of the matrix in a single
i clock cycle, The architecture has been implemented on a Field Programmable
L G-.m Amay (FPGA) device, Resuls show that it provides mentime

field of pattern recogmition discussed

1 Introduction
g

_F":Etu:t selection is an imporant task in supervised classification. Tt consists in

ientifying those features that provide relevant information for the classification

process. Into the framework of the Logical Combinatorial Fattern Recognition [n,

. feature selection is solved using Testors Theory [2].

" Yu. I Zhuravley introduced the restor concept to Pattern Recognition problems [3).

: Zhuravlev defined a testor as a subset of features that allows differentiating ohjects
from different classes.

This concept has s special application in (he problem of fezture selection for
Supervised classification: working in sitations where there are qualitative and
Quantitative features and may be incomplete ohject descriptions, this is, mixed
ncnrfnpletc data. Since, computing all typical testors js VEry expensive, all the
algotithms developed until now have exponential complexity, different approaches
have been developed like heuristic algorithms, parallel and distributed computing, etc.

3 _.

-F. Martinez. Trinidad ctal (Eds. ;- CLARP 2006, LINCS 425, pp, 6565
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Alihough the theoretical aspect of testor identification algorithms is advanced, F Stepd- If ris not 3 fes . : Sy

there is not practical hardware implementations reported previously. The intensive columns wh::::::a:r; ‘?:;ddemm: s n;rw v of DM with only 0's in the

computational requirements due to the exponential complexity of the algorithms can i genenate af as:

only be met by a combination of technology improvements and efficient hardware @ i jek

architectures based on parallel computational models. Specific parallel architectures o=l ;

can be designed to exploit the parallelism found in the algorithms to speed up the i ¥ Jj=k,

processing, Further optimizations such as incremental processing and the use of 0 i j>k

multiple processing elements are also possible,

The rest of the paper is organized as follows. Section 2 provides the theoretical
foundation of testor identification. Section 3 presents a data parallelism analysis of the
algorithms and details of the proposed hardware architecture. In section 4 the FPGA
implementation and experimental result are presented. In section 5, a brief discussion
on the performance improvements is presented and the obtained results are compared
against software implementation. Finally, section 6 presents the concluding remarks
and directions for further research. -

where let & be the index of the last 1 in 3

Step 5.- Take =o' :

AL Step 6. If er is not after (1,1,....1 1) then

A o . . s B0 to step 3

& Step 7.- Eliminate from the stored testor those, which are not typical testors.

Far the i i i i
. p;'r‘;?;ud architeciure, we used the next modified algorithm, which follows

Step 1.- Generate first N-tuple e=(1....,1,1).
Step 2.- If ais a testor of DM, store it and ke of'=n-1
. Step3.- If eris not a testor of DM, take @=a-2*", where & is the index of the first 0

. in e, (index starts from the g ht or least sipni i
Y Stepd.- Take gegy % G

¥ Step 5.- If o Iis not (0,0,...,0) then, go 1o step 2
1 Step 6.- Eliminate from the stored testor those, which are not typical testors,

2 Algorithms for Testor Identification

Let TH be a training matrix with K objects described through W features of any type
(xp.....xy) and growped in r classes. Let DM be a dissimilarity Boolean matrix
{O=similar, | =dissimilar), obtained from feature by feature comparisons of every pair
of objects from T belonging to different classes. DM has N columns and M rows,
where M>>K, :

Testors and Typical Testors are defined as follows:
e ' 3 Parallel Hardware Implementation

Definition 1. A subset of features T is a testor if and only if when all features are !

eliminated, except those from T, there is not any row of DM with only 07, i 3.1 Analysis of Algorithms
Definition 2. A subset of features T is a typleal westor if and only if T is a testor and
there is not any other testor T ' such that T'c=T,

In most of the algorithms for computing typical testors, deciding if & candidate is a
; tem_r is 8 tas[: that must be done many times. This decision invalves comparing the
can:il_dmc against each one of the DMs rows, but for matrices with many rows, these
dm:.:!.sm Inuuld lak:e a lot of time. For this reason, we addressed the problem of
S::::Jlrl:in:f aﬂ;mdldam_ is & tesior as fast as possible, taking advantage of the
=7 m;’;mﬁ;ﬁ:umﬁ?m through a specific hardware architecture based

We can find two main strategies 10 compute all typical testors. One of them is to
analyze the matrix and find conditions, which guarantee that a feature subset is 2
typical testor. The algorithms that use this strategy arc called internal scale
algorithms. The other one is to look over the whole power set of feares. The
algorithms that use this strategy are called extermal scale algorithms, In this paper we

are interested in the last strategy. An example of this kind of algorithms is BT. In m” Configurable Architecture

order to review all the search space, BT codifies the feature subsets as hinary N-tuples i )

where 0 indicates that the associated feature is not included and 1 indicates that the i The main T.Hrdware components of the architecture are 3 register file, & counter and &

associated feature is included. BT supposes the order induced by the increasing order e control unit. (See Fig. 1). The counter produces an N-tuple that is evaluated by the

of binary natural numbers, The BT algorithm is as follows: egister file 1o find out if it is a testor of DM. If the N-tuple is a testor, the output port
, Bs_testor will be TRUE and the value present at the output port Testor is stored. If the

Step 1.- Generate first no null N-tuple a=(0.....0,1). b {1 L0ple is not 4 testor, the counter will decrease its value as indicated by the Step 3 of

Step 2.- Determinate if the generated N-tuple is a testor of DA, i the modified algorithm shown in Section 2.

Step 3.- If eris a testor of DM, store it and and take of=a+2""-1 where Jet k be the i

index of the last 1 in
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Court | Regisier Fio Is_testor
h
Dy i g
Pt Toter
Fig. 1. Top-level architecture

The core of the architecture consists of the register file _rmul:lule shown in Fig 2. The
module takes data from the input port during the initialization process, The data are

read in & linear-stream based scheme and sent to the register file where propagates °

i until the full DM has been loaded, Once the register file has I:mn
E:;;?:;: rEfllns:mﬂ'le control unit stans the testor idmﬂiﬁr:aticlm process, It is
important to mention that only one clock cyele is nesded 1o test if an N—tup[:.};s;
testor of DM, This is possible because the input dlar.a are fed simultaneously to
Store-and-Compare (5C) modules 1o be processed in parallel,

Fngisior i
DHD:;:'"E—:_:! B0 M 1
L
it 5T Moo 7
5 fesior
L.' 5 bkl 3

Flg- 2. Register file

1]
The basic element of the architecture is shown in figure 3, The 5C 'm:-f:::.i
composed of an M-bit wide register plus a number of ggtes: The mglmrf:lmn 48
module stores a row of the DM, A bitwise AND operation is performed bet e
value stored in the register and the input port Count. If at least one hit of the

#  Onthe Design and Implementation of a High Performance Configursbie Architecture 669

TRUE, then the Ouput port fs_estor will be TRUE. Finally, if the output port
Is_testor of all §C modules is TRUE, then the N-tuple Couny is 3 testor of DM,

Fig. lSlnm-nn:t-Cunq:ue (5C) Module

e The register file is the configurable element in the architecture as it can be adapted
&, 1T any size of the DM. In the following section, the hardware implementation of the
" Proposed architecture, targeted to an FPGA device, i presented.

b

4 FPGA Implementation and Results

The proposed architecture was modeled wsing the VHDL Hardware Description
Language under a structural approach, The VHDL model of the proposed architeciure
for the register file and counter unit is fully parameterizable in terms of the matrix
dimensions (M), The VHDL model was simulated and validated both functional
and post-synthesis with MedelSim v.0. The VHDL model was synthesized with
Kilinx ISE Software targeted for a XCIS200 Spartan-MT device from Xilinx [4]. The
e, 2e of the FPGA technology was chosen becayse it provides a rapid prototyping
S Platform and js specially svited for implementing algorithms based on bit level
. Operations. Some important advantages of FPGAs over general-purpose processors
re:;

i) FPGAs provide massive parallel structures and high density logic arithmetic
with short design cycles compared to ASICs,
i) In FPGA devices, tasks are implemented by spatially composing primitive
operators rather than temporally.
ifi) In FPGAs, it is possible to control operations at hit level io build specialized
AL data-paths,
© iv) FPGA technology can offer potentially several orders of magnitude more raw
e computational power per unit of area than conventional processors,
¥} FPGA wechnology is well suited for implementing parallel architectures such
; as pipelined and systolic Processors.

- |

e
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Table 1 summarizes the FPOA hardware resource wtilization and timing
performance for a case study with N=38 and M=45. According to the FPGA synthesis
results, the proposed architecture provides good trade-off between performance and
hardware resource wiilization and it is suitable o be used as a high performance
processing module in & hardware-in-the-loop approach [5]. Most FPGA resources are
employed as storage elements (o implement a SC module within the register file,

Tuble 1. FPGA resoarce wilization for N=38 and M=45

Synthesis summary for the architecture targeted for a XC35200
Spartan-II1 device

1210 (63%)

1276 (33%)

1711 (44%)
87 MHz

MNumber of slices

Mumber of 4-input LUTs
MNumber of flip-flops
Maximum clock frequency

The hardware resource utilization is directly proportional to the size of the matrix.
Due to the regular structure of the register file, the size of the matrix does not affect
the speed at which the architecture can operate, This makes possible to accurately
estimate the processing time for a specific input matrix, based on the value of ¥ and
the operating frequency according to the following equation:

N
PP
i
where 1 is the processing time and fis the clock frequency of the architecture,
The design was implemented on a Spartan-11T based board. T::: program lhfa device,
the System Generator tool from Xilinx that runs in the Matlab/Simulink environment

was used. This ool allows performing hardware-in-the-loop type of simulation using
a JTAG interface. The system set-up is illustrated in Fig. 4.

Fig. 4. System set-up
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Although the synthesis results show that the architecture can operate up to BTMHz,
the clock wscillator on the board is limited to an operating frequency of 50MHz. Thus
the reported results were calculated considering the latter frequency,

" 41 Results

In order to show the performance of the proposed architecture it was compared
against software implementations of the original BT algorithm, which is an external
scale algorithm, and the CT algorithm, an intermal seale algorithm that is one of the
most successful algorithms for calculating all typical testors. For the experiments,
square matrices from 18 to 30 columns were randomly generated, Figure 5 shows the
processing time for the proposed architecture and software implementations of BT
and CT for these matrices. For BT and CT we used optimized programs, which
implements modifications for performance improvement, such as sorting the matrix
[8]. These experiments show that the proposed architeciure allows computing all

= (ypical testors about 20 times faster that BT and about 3 times faster than CT, The
. cxperimenis were done on a PC with an Intel Pentium 4 processor running at 2.80GHz
_ with 512MB of RAM memory, In the figure 5, the runtimes of the proposed
# architecture were estimated for the worst case, where the slep 3 of the modified
% 3lgorithm never happens.
.
o
R & T T e e ;
0 R e AR e ’ | =——RT
WP i S e A ] [ A
o o | e M
s 1“ i ; i .-..' - ] —
B = i _‘_-"'W"mm""m““‘“
Sl 1
7., 1819202122 23 24 25 26 27 28 29 30

ey

number of features (N)

Figg. 5. Processing times in seconds, for several valuss of &

; ?5 Discussion

. The proposed architecture provides high performance processing capabilities with low

dware resource utilization. The archilecture performs the number of operations
Beeded to know if a value is a testor of the matrix in a single clock cycle. The
architecture efficiently stores data in a flexible register like structure. The initial
latency period is just M clock eycles. The latency arises at the start of processing

. Hince the register file must be full before processing can begin.

According to the reponed maximum clock frequency from the synthesis process
for the case of study, the architecture can operate up 10 §7MHz, The performance
fomparison of the architecture is difficult since there are not similar architechures

. "ported in the literature,
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The experimenis show that the proposed architecture allows computing all typical
testors much faster than BT and slightly faster than CT. However, the proposed
architecture needs the same time to process any matrix of N columns, independently
of the number of rows, whereas BT and CT performance will decreass when the
number of rows grows,

It is important to highlight that the proposed architecture compute testors and the
decision about which of them are typical has to be make after each testor is found (as
in BT).

Even though the proposed architecture is a first approach to computing testors and
typical testors in a reconfigurable intensive computing special architecture, it allows
computing testors and typical testors much faster than following a similar strategy by
a compater program, and for problems with not too many features, it is faster than the
most sophisticated algorithms for computing typical testors,

& Conclusions

In this work, an efficient hardware implementation of a testor identification algorithm
was presented. The high performance of the proposed architecture was feasible due o
the high level of parallelism implicit in the BT algorithm that can be efficiently
implemented on the FPGA.

As foture work, a number of optimizations are being considered for to further
improve the performance. Such optimizations include modifying the control unit for
implementing steps 2-4 of the BT algorithm in order to reduce the number of
candidates to be verified, and including a post-processing unit for reducing the
number of testors, which would speed up the typical testor selection. In addition,
because the architecture resource requirements are relotively small, a new scheme
where the processing core can be replicated is also explored; this will effectively
reduce the processing times proportionally to the number of processing cores that can
be accommodated on the FPGA device, Early results show that a state-of-the-ar
Vinex-4 XCE4LX200 FPGA (7] could accommodate 100+ processing cores and run
up to 190MHz, potentially resulting on 380x processing time improvement over CT
runtimes. Another research direction is exploring the construction of architectures for
implementing more sophisticated external scale algorithms like LEX [9], which
follows a different search order.
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Preface

The ongoing success of the Iheroamerican Congress on Pattern Recognition
(CIARF) reflects the growing need for developing new theory and applications
of pattern recognition, which is being confronted by many rescachers, The 11th
Iberoamerican Congress on Pattern Recognition (CIARFP 2006) was the 11th
event in the premier series of research agenda-defining conferences on pattern
recognition in the Theroamerican community. As in the previous years, CIARP
2008 attracted worldwide participation. The aim of the congress was to promote
and disseminate ongoing research and mathematical methods for pattern recog-
nition, image analysts, and spplications in such diverse areas as computer vision,
robotics and remote sensing, industry, health, space exploration, data mining,
document analysis, natural language processing and speech recognition, to name
a fow.

CIARF 2006, held in Cancun, Mexico, was organized by the Computer
Science Department of the National Institute of Astrophysics, Optics and Elec-
tronics (INAOE). The event was sponsored by the Advanced Technologies Ap-
plication Center of Cuba {CENATAV), the Mexican Association for Computer
Vision, Neurocomputing and Robotics (MACVNR), the Cuban Association for
Pattern Recognition (ACRP), the Portuguese Association for Pattern Recogni-
tion (APRF), the Spanish Association for Pattern Recognition and Image Analy-
sis [AERFAL), the Special Interest Group on Pattern Recognition of the Brazilian
Computer Society (SIGPR-5BC), and the Chilean Association for Pattern Recog-
nition (ACHRP). CIARP 2006 was endorsed by the International Association for
Pattern Recognition (IAPR).

Contributions were received from 36 countries. In total 239 papers were sub-
mitted, out of which @9 were accepted for publication in these proceedings and
for presentation at the conference. The review process was carried out by the
Scientific Committee, composed of internationally recognized scientists, all ex-
perts in their respective fields. We are indebted to them for their efforts and the
quality of the reviews.

The exciting technical programme formed by the selected contributed papers
was complemented by three invited keynote talks, given by:

— Gabriella Sanniti di Baja, Image Analysis Department of the Istitute of
Cibernetics “E. Caianiello”, CNR, Italy

= Petra Perner, Institute of Computer Vision and Applied Computer Sciences,
Germany

— Jim Bezdek, University of West Florida, USA

They enriched the conference with an interesting mix of theoretical and appli-
cation topics in pattern recognition.
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