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Principal Component Analysis (PCA) finds wide applications in machine vision.
The neural network that performs PCA is called Principal Component Neural Network
(PCNN). This paper presents a digital hardware design for principal component neural
network. The design is efficient in the sense that the learning rule is implemented with a
reusable circuit. Results of FPGA implementation of the design show that as many as 500
input vectors can be processed during training phase and 700 input vectors during retrieval
phase in a second. Such results are valuable for high-speed applications.

Indexing terms: Principal component analysis, Principal component neural network, FPGA.

1. INTRODUCTION

RINCIPAL Component Analysis (PCA) [1] isa

method of representing a data set in more compact
form. Principal components are the directions along
which the data points in the data set have maximum
variance. In mathematical terms, these components are
the eigenvectors of the data covariance matrix
arranged in the descending order of eigenvalues. PCA
has wide applications in machine vision. Some of them
are face recognition [2], object recognition [3] and
visual robotics [4].

PCA can be realized by a neural network. The
neural network that extracts principal components
from the input data set is called Principal Component
Neural Network (PCNN) [5]. The neural network
based approach is advantageous over classical
eigenvector techniques due to the following reasons.
(1) PCNN ‘extracts the components directly from the
input data without the computation of covariance
matrix. Hence, memory requirements is less. (2) The
number of components can be restricted. (3) The
neural networks are adaptive and hence the previously
extracted components can be updated online when a

* N Sudha is currently with School of Computer Engineering,
Nanyang Technological University, Singapore

Paper No 1-B; Copyright © 2007 by the IETE.

new data arrives (4). Neural networks are generally
feasible for hardware implementation due to its regular
topology, inherent parallelism and simple arithmetic
operations in their learning rules. PCNN has added
advantage of its linearity.

PCA is a computationally intensive process. The
need for real-time recognition and analysis of images
in machine vision calls for the development of high-
speed custom hardware. As far as hardware design and
implementation on chip for PCNN is concerned, not
much work is available in literature. Pulsed circuit
architectures based on pulse density modulation and
delta-sigma modulation are given in [6] and [7]
respectively. The input lines carry analog signals.
They are modulated to pulse streams whose
frequencies are proportional to the signal voltages. The
weights are represented in digital form and stored in
registers. The manipulations are done on the
frequencies of pulse streams. The resulting outputs are
also pulse streams. The idea of modulation is
introduced to reduce the wiring in the circuits.
However, these circuits are not suitable for processing
digital pixel values of images grabbed from digital
camera. A systolic array mapping of Adaptive
Principal Component Extraction (APEX) is discussed
in [5]. An n-input m-output PCNN can be mapped to
an array of m processing elements (PEs). Separate
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systolic arrays are designed for training and retrieval
phases. Each PE has memory to store synaptic
weights, arithmetic and local control units. It takes
n + 2m -1 time units to complete the updating of
weights for one input pattern during the training phase
and m time units are required between successive
input patterns during retrieval phase. The detailed
hardware design of a processing element is not given
and no implementation result is provided.

In this paper, an efficient hardware design has been
proposed for PCNN. The main features of the design
are: (1) It is a fully digital one. (2) It has a reusable
arithmetic unit that updates the weight vectors
corresponding to different principal components one
after another. The paper is organized as follows. The
learning algorithm of PCNN is briefly given next.
Section 3 presents the proposed design and its
operation. The FPGA implementation of design and
its results are presented in Section 4. The last section
concludes the paper.

2. PCNN -ARCHITECTURE AND LEARNING

It is a feedforward neural network with single
layer of linear neurons as shown in Fig 1. Each
neuron receives the elements of the input vector
X =[x, x,,..., xy]". An N-input M-output network has
M neurons and performs principal component analysis
of N-dimensional input vectors to extract M principal
components. wy; is the weight associated with the ith
input to the jth neuron. By Generalized Hebbian

Fig 1 Structure of PCNN
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Learning (GHA) algorithm [8], the weight vector of
the jth neuron, W; = [Wj» W om ij]T, converges to jth
principal component of input data vectors. The
weights are updated incrementally by the algorithm as

below.

Vj= Zk:l, NWii Yk ey

Aw;; =1 y;[x; - . 1, Wi Vil ()

where 7 is the learning rate parameter which takes the
value in the range (0,1).

2.1. Reformulation of GHA for Efficient
Hardware Implementation

The original equation for Aw;; in Eqn (2) requires
Jj multiply and accumulate operations given by
¥ ! 1, Wi Vi, This can be reduced to one multiply and
accumulate operation by reformulating the GHA and
hence a time and space efficient hardware
implementation of it is achieved. The GHA is
reformulated as follows.

y=W/%, ®
AW, =1y, [X = Xy o1, Wayid = ny; [X = S = iy, X*
where
S;=2u=, ;W =51+ W;y;
X':X—Sj

@
&)

Here, in the computation of each element of S; for
a particular j, only one multiply and accumulate
operation is performed. The updated weight vectors
for the input X are given by

Wew = Wold 4 ny;X'forj=1toM (6)

~ The network has two'phases: (1) training and (2)
retrieval. During training, the weights are updated for
a given input and during retrieval, the outputs are
computed for a given input to the trained network.

3. HARDWARE DESIGN

The design of PCNN hardware is shown in Fig 2.
The weights storage unit REGSETS W stores the
weight vectors, W, to W,, associated to M neurons.
The storage elements are arranged in a pipelined
fashion as shown in the figure. The arithmetic unit has
logic circuits for computing ¥pSp X' and W (as in
Equations (3)-(6)) and storage for X, n and Sj, namely
REGSET X, REG n and REGSET S; Due to
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constraints in the number of I/O pins on a VLSI chip,
the input data vector X can not be placed on the input
data lines as a whole. Each element x; of X is received
one after another and stored in the REGSET X. For
each input vector, the weight vectors W; corresponding

‘to neurons are updated one after another in M

iterations during the training phase. Similarly, M
iterations are needed to compute all neurons’ outputs
during the retrieval phase.

The flow of data in the design is as follows. During
the training phase, at jth iteration, y; is computed first
by finding the inner product of input data vector X and
the contents of storage unit REGSET W, that stores
the elements of vector W; to be updated. S; is
then computed using S; _ 1. ¥; and W, §; is stored in
REGSET §,; for the computation of §; , ;. Once S; is
known, X'is computed with S; and X. W, is finally
updated using Wj""’, X', nand y; It is pushed into
storage unit REGSET W,,. Simultaneously, the
contents of all other storage units in REGSETS W are
pushed, forward. After M iterations, the individual
“storage unit in REGSETS W stores the corresponding
updated weight vectors for a given input X.

427

During the retrieval phase, at jth iteration, y; is
computed as in the training phase. A circular shift right
is performed on the storage units of REGSETS W at
the clock trigger. This enables W;to be available at the
output of REGSET W, at jth clock pulse. After M
iterations, all y;s are computed and the storage units in
REG SETS W are restored to their original values due
to one complete circular shift.

The details of each computational unit in the
arithmetic unit that implements an N-input M-output
PCNN are given below. Each data element is
represented as a floating point number with p-bit
mantissa and p-bit exponent in twos-complement
form.

Compute y;:

The multiplication xw;; of two floating point
numbers in Equation (3) requires a p-bit Booth
multiplier for the multiplication of mantissas and a
p-bit adder for the addition of exponents. p clock
cycles are required for Booth multiplication and N
multipliers and N adders. The summation in the
equation is performed by an adder N times and hence

Weighis Storage Unit REGSETS W
e ST T - Wil i .
i
, |reG| |REG| |REG REG| ' | weighs
' |SET SET SET -+| SET |
i WM W WM-2 W, : wi
i I
Output
. Y
1 (BIBU JRledR Ugs 2IET ’
i w.ﬂ“ :
Tnput | :
o il v COMPUTE COMPUTE | o [ REG | !
X. \ X }{, yi u/jnew be 1' X
L D ¢ - 1
| X I
1 !
yA
: REG | U] :
, SET COMPUTE COMPUTE | ,
! S S =1 Sj Sj x' :
1
: 5 ] U Xioss
i ¥
i t
i

Fig 2 Block diagram of hardware design for PCNN.
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n cycles are required.
Compute S;:

The multiplications ijj in Equation (4) are
implemented using N Booth multipliers and N adders
in parallel. It takes p clock cycles to perform these
multiplications. The results of these multiplications
are then added to the elements of S;_ using N address

in parallel.
Compute X':

The subtration of two vectors in Equation ) is
implemented using N subtracters.

Compute W

In order to implement Equation (6), the
multiplication Ny, is first performed using one Booth
multiplier and one adder. p clock cycles are required
for this multiplication. The result of this multiplication
is then multiplied to each element of X', which is
realized using N multipliers and N adders in parallel.
This takes p clock cycles. The resultant vector is then
added to W using N adders.

The entire arithmetic unit requires about N + 4p
clock pulses which constitute one iteration. A global
clock GCLK is used for the iterative computation. Its
period should be greater than the time taken for one
complete iteration. The ASM charts giving the
hardware algorithms for training and retrieval phases
are shown in Figs 3 and 4.

Training phase

First, initialization of some registers are done.
REG 7 is initialized to a value between 0 and |.
REGSETS W is initialized with random values. The
state machine representing the hardware design for
training (T-SM) is in initia] state 7. Then the data
vectors from the input data set are presented one after
another and the weights are updated for each data
vector X. REGSET X is loaded with the elements of X
during the first N clock pulses of GCLK. A counter
CNT is used for this purpose. It is initialized to N. At
each clock pulse ;i of GCLK, the ith location of
REGSET X, say [REGSET X];, is stored with the input
x; and CNT is decremented. T-SM is in State T, until
CNT becomes 0. Once CNT becomes 0, REGSET S; is
initialized to all zeros and a counter CNT is now
initialized to M. The T-SM now reaches State 7;. In the
successive M clock pulses of GCLK, the weights get
updated starting from W, to W), and CNT counts down

IETE JOURNAL OF RESEARCH, Vol 53, No. 5, September-October, 2007

to 0. In any clock pulse j of GCLK, Y;is computed first
followed by the computation of S;» X' and W, The
values of S; and W; are stored in REGSET S; and
REGSET W, at the clock trigger. Simultaneously, all
other register contents in REGSETS W are shifted.
The T-SM reaches State T, and it continues to be in
this state until CNT becomes 0. Once CNT becomes 0,
the next input can be placed. The weights converge to
principal components of input data set when they are
updated repeatedly for the given set several times. The
training phase for an input vector takes N+ M
(N +4p)clock pulses.

Retrieval phase

Initially, REGSETS w Stores the principal
components that have been computed during training
phase. The state machine for retrieval (R-SM) is in the
initial state R,. The counter CNT is initialized to N and
the input data vector X is received and stored in N
clock pulses of GCLK as in the training phase. The
R-SM continues to be in State R, while receiving the
inputs. Once X is received, CNT is set to M. In each
successive clock pulse j of GCLK, Y; is computed.
REGSETS W is circularly shifted” and CNT is
decremented at clock trigger. The R-SM reaches State
R; and it continues to be in this state until CNT
becomes 0. Once CNT becomes 0, the next input can
be placed. The retrieval phase for an input vector takes
N+M)(N+ p) clock pulses.

4. FPGA IMPLEMENTATION

The hardware design of a 64-input 16-output
PCNN was coded in Verilog hardware description
language. Each parameter in the design is represented
as a floating point number with an 8-bit mantissa and
an 8-bit exponent. The functional behaviour of the
design was tested in ModelSim (a package for
functional simulation of VLSI design). The principal
components were extracted from a given data set by
the GHA algorithm implemented in Matlab. The
components computed by the hardware a] gorithm for
the same data set were compared with them for
correctness.

The design was mapped on to one of the target
devices of Xilinx FPGA using Leonardo Spectrum
design tool. The specifications of the chosen target
device are as follows: family - VIRTEX; device -
XCV1000BG560. The floorplan of the device for the
design is shown in Fig 5. The portions of the FPGA
device used for implementing the design can be seen
in the figure. Further, the interconnections between the



N SUDHA et al: DIGITAL ARCHITECTURE 429

State T

REGn, REGSETS w initialized

~

State T,

CNT N

Input x;

State 7, |
[REGSET X],e—— X,

| @
State T,

CNT ¢——M
REGSET S, «——0

3
—
-

y,«——XTW ;S «——REGSET S, + y * REGSET W,
X, e—— X~ S, e——REGSET W, + 1=y, + X

State T, |

REGSET S/ (——Si , REGSET W,, ‘__W/ .
Decrement CNT ;
Shift REGSETS w

e

0 |

Fig 3 ASM chart for the hardware algorithm for training phase

components of the device utilized for the design can  cells, which realizes the combinational logic of the
be seen. The device utilization is summarized in Table ~ design. Two such slices comprise one configurable
1. The slice of the Virtex device contains two logic logic block (CLB). The input/output blocks (IOBs)

provide the interface between the device pins and the

: CLBs. The device has 1 million gates.
TABLE 1: Device utilization for the design of 64-input

16-output PCNN The time taken for training (7,,) and retrieval (T,,)

Component Usage phases for an input da.ta vector is compu-ted as follows.

IOBs 72 out of 404 (17.82%) Le‘ti t;denote.s the gen}c\),d of basll\(,: clzck in se:icolr\lrds. Ty

Function Generators 6404 out of 24576 (26.06%) Schjje gomnty ¢ + M) (N + 4p)z. and ( + M)

] 3202 out of 12288 (26.06 (N +p) t,_seconds respectively. In the case of 64-input

e s i 16-output PCNN design, the maximum frequency of
Dffs or Latches 2346 out of 24576 {9.55%)

operation obtained through implementation is
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State QO
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REGSETS W stores principal components

State Q,

<

CNTe—N

Input x,

State Q,

[REGSET X] P —
Decrement CNT

l

1 CNT >0
0

State R, l 0

CNT ¢—— WM

| :

y——XW,

State Q, 1

Decrement CNT ;
Circular Shift REGSETS W

CNT >0

/

Fig 4 ASM chart for the hardware algorithm for retrieval phase

4.1 MHz. Hence, T, > 1.873 ms and T,,2 1.4 ms. This
results in processing upto 535 and 714 data vectors per
second during training and retrieval phases of the
network respectively.

5. CONCLUSIONS

This paper presents an efficient hardware design
for principal component neural network. It extracts M
principal components from N, data vectors of
N-dimension. The design has a common arithmetic
Unit that is reused M times to implement the learning
ruie of the network. The HDL code of the design is
easily scalable for larger input size and for extracting

more components. The design of a 64-input 16-output
PCNN has been implemented in a Xilinx FPGA
device and it runs at a clock speed of 4.1 MHz. It takes
1.8 ms and 1.4 ms to process an input during training
and retrieval phases respectively. This results in
processing more than 500 input data vectors per
second during each of the phases and hence the design
is suitable for applications like video surveillance and
high-speed image communication.
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