
IEEE TRANSACTIONS ON NEURAL NETWORKS, VOL. 8, NO. 2, MARCH 1997 331

A New Recurrent Neural-Network Architecture
for Visual Pattern Recognition
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Abstract—In this paper, we propose a new type of recurrent
neural-network architecture, in which each output unit is con-
nected to itself and is also fully connected to other output units
and all hidden units. The proposed recurrent neural network
differs from Jordan’s and Elman’s recurrent neural networks
with respect to function and architecture, because it has been
originally extended from being a mere multilayer feedforward
neural network, to improve discrimination and generalization
powers. We also prove the convergence properties of learning
algorithm in the proposed recurrent neural network, and ana-
lyze the performance of the proposed recurrent neural network
by performing recognition experiments with the totally uncon-
strained handwritten numeric database of Concordia University,
Montreal, Canada. Experimental results have confirmed that the
proposed recurrent neural network improves discrimination and
generalization powers in the recognition of visual patterns.

Index Terms—Convergence properties, recurrent neural net-
work, visual pattern recognition.

I. INTRODUCTION

RECENTLY, a number of neural-network models have
been implemented for pattern recognition [1], [2]. In

particular, multilayer feedforward neural networks have shown
their effectiveness in visual pattern recognition in a variety of
styles and sizes [3]–[5]. However, these approaches can only
provide partial solutions to real-world data handling, because
they have shown insufficient learning capability with respect
to similar patterns. In order to overcome this problem, it is
needed that output results of feedforward neural networks be
analyzed and reused in training phases.

In general, in the case of visual pattern recognition with
multilayer feedforward neural networks, the hidden units are
learned to maximize useful information from input patterns,
and the output units are learned to discriminate information
given from hidden units [6], [7]. Therefore, it seems reasonable
to provide more information to the output units in order to
improve discrimination powers in visual pattern recognition.

Recurrent neural networks offer a framework suitable for
reusing network output values in training. Recently, researches
applying recurrent neural networks to visual pattern recogni-
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tion, such as handwritten character recognition, have been in
progress vigorously, and some of them have shown promising
results [8]–[10]. However, these approaches are mostly based
on Jordan’s and Elman’s recurrent neural networks, originally
proposed for dynamic pattern recognition. Therefore, they may
be inefficient in visual pattern recognition.

In this paper, we propose a new type of recurrent neural-
network architecture which is adequate for visual pattern
recognition, such as handwritten character recognition. The
proposed recurrent neural network differs from Jordan’s and
Elman’s recurrent networks with respect to their functions
and architectures, because it has been originally extended
from the multilayer feedforward neural-network architecture,
to improve discrimination and generalization powers. The
proposed recurrent neural network consists of three-layers, in
which each output unit is connected to itself, and is also fully
connected with other output units and all hidden units.

We also prove the convergence properties of learning algo-
rithm in the proposed recurrent neural network, and analyze
the performance of the proposed recurrent neural network by
performing recognition experiments with the totally uncon-
strained handwritten numeric database of Concordia Univer-
sity, Montreal, Canada. Experimental results confirm that the
proposed recurrent neural network improves discrimination
and generalization powers in visual pattern recognition.

The rest of this paper is organized as follows. Section II
briefly reviews previous recurrent neural-network architec-
tures. A new type of recurrent neural network is proposed and
its convergence properties proven in Section III. Experimental
results are presented, verifying the effectiveness of the pro-
posed recurrent neural network, in Section IV, and concluding
remarks are given in Section V.

II. PREVIOUS RECURRENT

NEURAL-NETWORK ARCHITECTURES

An early use of a recurrent network can be found in the work
of Andersonet al. [11], [12]. These used a fully connected
neural network called brain state in a box (BSB) to model
psychological effects observed in probability learning. In this
network, each unit, which has no self-connection, is fully
connected to every other unit in the network.

The content addressable memory of Hopfield [13] can be
viewed as a minimization of the energy function, where
memories correspond to local minima in the energy spaces.
Hopfield’s initial model was a network of fully-interconnected
processing units, whose outputs were computed using a linear
threshold. Later, Hopfield developed a continuous version
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Fig. 1. Jordan’s recurrent neural network.

Fig. 2. Elman’s recurrent neural network.

[14]. The new model uses a sigmoid transfer function as
the activation function for the processing units, and units are
updated continuously, using differential equations.

Jordan developed a network model capable of displaying
temporal variations and temporal context dependence [15]
(Fig. 1). Jordan’s network played a useful role in motor
control systems. This type of network model differs from the
traditional view of motor control, in that it emphasizes that
processors do not store and retrieve output vector sequences
in linked lists or in any other abstract data structure. Rather,
trajectories are computed during run-time as the result of a
dynamic process. Those units calculating trajectories can be
classified into four types: plan units, state units, hidden units,
and output units. The state units possess inputs connected to
themselves, and other units within the state layer deploy the
standard connections to the output units. Elman developed a
simple recurrent neural network [16] (Fig. 2). In this approach,
rather than the outputs of the network being fed into the input
units, the activation results of the hidden units are fed into
the input units. While Jordan’s recurrent neural network has
appeared in a variety of control applications, Elman’s recurrent
neural network has been often applied to the problem of
symbolic sequence prediction.

Learning methods for Jordan’s and Elman’s recurrent neu-
ral networks are extensions of the backpropagation learning
method. A very general learning algorithm is that of Williams
and Zipser [17]. Kuanet al. provided a rigorous convergence
analysis from an extension of backpropagation for recurrent
neural networks containing Jordan’s and Elman’s recurrent
neural networks, as special cases [18]. The architectures spec-
ified by Jordan and Elman employ first-order connections
between units. That is, the activation flowing from one unit

Fig. 3. Pollack’s sequential cascaded neural network.

Fig. 4. Proposed recurrent neural-network architecture.

to another is merely scaled by connection strength .
However, the high-order recurrent neural network proposed by
Rumelhartet al. [19], combines multiple incoming activations

. One benefit of switching to a higher-order network
is that more functions can be loaded into networks with fewer
resources. Just as first-order connections underlie Jordan’s
and Elman’s recurrent neural networks, multiple connections
form the foundations of several recurrent networks, such as
Pollack’s sequential cascaded neural network [20] (Fig. 3) and
the higher-order recurrent neural network of Gileset al. [21].

For further information on previous recurrent neural-
network architectures, refer to the works of Kolen [12].

III. PROPOSEDRECURRENT NEURAL NETWORK

In this section, we propose a new type of recurrent neural-
network architecture, and prove its convergence properties.

A. Architecture of Proposed Recurrent Neural Network

The proposed recurrent neural-network architecture consists
of three-layers, as shown in Fig. 4. The proposed recurrent
neural network differs from Jordan’s and Elman’s recurrent
neural networks with respect to their function and architecture,
because it has been originally extended from the multilayer
feedforward neural network to improve discrimination and
generalization powers in visual pattern recognition.

Each hidden unit is fully connected to all input units, and
each output unit is connected to itself, and also fully connected
to other output units and all hidden units. Therefore, the output
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value of the th output unit at cycle is obtained as follows:

(1)

(2)

where is the output value of theth hidden unit at cycle
, is the weight between theth hidden unit and theth

output unit, is the weight between theth output unit and
the th output unit, is the recurrent value from the output
units at cycle , is the number of hidden units, andis the
number of output units. The activation functionis sigmoidal.

The output value of theth hidden unit at cycle is obtained
as follows:

(3)

where is the output value of theth input unit at cycle
, is the weight between theth input unit and th hidden

unit, and is the number of input units. The input units
feature the linear transfer function. The proposed recurrent
neural network operates as follows. The activation values of
the output units are initially set to zero. The input feature
values are fed into the input units, which feature the linear
transfer function; and the output values of the input units are
forward propagated until the output units become active.

The weight correction of the feedforward neural network in
the training phase is as follows:

(4)

where is the positive learning rate andis the target value of
output unit . As shown in this equation, the weight correction
is only based on the specific training pattern in a single cycle.
Because the output units in a feedforward neural network
are only activated by units in previous layers, the activation
values of the previous cycle have an effect on the activation
values of output units in the current cycle. In particular, in
the case of training similar visual patterns, the output units in
the previous cycle produce more ambiguous activation values.
In this respect, it is required to minimize propagation of
ambiguous activation values in the next cycle. On the basis of
this property, the weight correction of the proposed recurrent
neural network in the training phase is as follows:

(5)

In this equation, the term , which is the
information needed to maximize discrimination powers, is
added to (4). Training for the same training pattern is carried
out based on these ambiguous activation values in the next

cycle. That is, the activation values of each output unit
in (2) is used in the next cycle, in order to provide more
discriminative information. As a result, the weights in the
output units can be trained to discriminate between these
ambiguous activation values of the previous cycle and the
discrimination powers can be improved.

B. Convergence Properties of Learning Algorithm
in Proposed Recurrent Neural Network

We now prove the convergence properties of the
Williams–Zipser learning algorithm [17] in the proposed
recurrent neural network. Our results follow from the results
of Kuan and White [22] and Kuanet al. [18]. Kuan et al.
provided rigorous convergence analysis of an extension of
backpropagation for recurrent neural networks containing
Jordan’s and Elman’s recurrent neural networks, as special
cases.

We considered the same conditions and convergence results
as those of the theorem in the work of Kuanet al. [18], because
the stochastic process with respect to input sequences, the
measurements of network error, the learning recursions, and
the limit conditions of the weight changes of the proposed
recurrent neural network are equivalent to those of Jordan’s
and Elman’s networks, in spite of the difference in architecture.
Thus, we describe only those assumptions of the theorem
which are based on modified output functions and recurrent
variables for the proposed recurrent neural network.

We now introduce some mathematical notations and a
stochastic process [18], which are necessary for these assump-
tions.

Suppose that we observe realization of a sequence
of random vectors, where

(with denoting the transposition operator). We interpret
as a target value at cycleand as a vector of those input
variables influencing . may contain the lagged values
of (e.g., ), as well as the lagged values of other
variables.

Let denote the history of the process
from cycle zero through cycle and denote the

approximation function as ranges over the parameter space
, where is the number of weights in the network.

On the basis of the stochastic process used to prove the
convergence properties of the Williams–Zipser learning algo-
rithm [17], [18], we begin by picking arbitrary initial weights

, recurrent variables , and gradient matrix . To update
network weights, we compute network error and gradient as
follows:

(6)

(7)

Then, the weights in cycle 1 are calculated as follows:

(8)

The recurrent variables and gradient matrix are updated in
cycle 1 to

(9)
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and

(10)

Now, network error and gradient are calculated as follows:

(11)

(12)

Then, the weights in cycle 2 are obtained as follows:

(13)

At cycle , we have targets and inputs, recurrent variables
, weights , and gradient matrix , permitting us to

compute

(14)

and

(15)

A potential difficulty is that nothing prevents . To
avoid this, we employ a projection operator ,
where is a compact subset of . The projected process

is bounded, and is defined as whenever
also denotes the projected process, for notational

convenience.
In order to describe our assumptions of the theorem, we

introduce the notion of near epoch dependent (NED) on an
underlying mixing process [18].

Let be a stochastic process in a probability space
, and define the mixing coefficients

(16)

(17)

where , and the -field is generated by
: . When or as ,

is termed -mixing or -mixing [18]. When
for some , is termed -mixing of size , and
similarly for .

Let and ,
and let denote that class of random variables having

. The dependence of on an underlying
process is expressed as follows [18].

Definition 1: Let be a sequence of random variables
belonging to , and let be a stochastic process
on . Then is NED on of size if

is of size .
The data generating process is described as follows.

Assumption A.1: is a complete probability space,
which is defined by the sequence of-measurable functions

with
, where is the size of input vector.

is NED on of size - , where
is a mixing process on with of size , or

of size . For each is measurable
.

The following condition restricts the network error function.
Assumption A.2:Network output is given by

(18)

and network error is given by

(19)

Then, network recurrence is obtained as follows:

(20)

The mean value theorem for such functions ensures

(21)

The following condition restricts network recurrence.
Assumption A.3:Network recurrence is determined by (20).

Let . Then, is such that
for some .

Because the Jacobian matrix ofwith respect to recurrent
variables is calculated as follows:

(22)

network recurrence restriction is given by

(23)

Now, the learning recursions are formally described as
follows.
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Fig. 5. Representative samples from totally unconstrained handwritten nu-
meric database.

Assumption A.4:1) Let be a compact subset of ,
where is the size of recurrent variable, and let

, and be chosen arbitrarily and independently
of . For define

(24)

(25)

(26)

(27)

and

(28)

where is a projection operator restricting
to the compact set .

2) is a sequence of positive real numbers, such that
and .

One more condition is required to state Kuan and White’s
convergence results [22]; it guarantees the existence of the
limit of . We define the function as

(29)

where . We also define as
, where

, and .
Our final condition is given as follows.
Assumption A.5:For each

exists.
Kushner and Clark’s results [23] establish certain properties

of piecewise linear interpolations of with interpolation
intervals . Define , . The
interpolated process is defined as

(30)

and its leftward shifts are defined as

(31)

We thus have a sequence of continuous function on
. In stating this result, we write as if

as . Furthermore, for a continuous
vector field on , define the vector field as

(32)

when the limit is unique. When is in , but not on its
boundaries, sufficiently small is in for , so that

.
The desired convergence of the proposed recurrent neural

network now follows immediately.
Theorem 1: Suppose that Assumptions A.1–A.5 hold.

Then,

1) There exists a P-null set such that for
is bounded and equicontinuous at bounded

intervals, and has a convergent subsequence,
whose limit satisfies the limit expectation

.
Let be a set of locally asymptotically stable (in
the sense of Liapunov) equilibria in for this limit
expectation with a domain of attraction .

2) If , then as , with probability
one.

3) If is not contained in , but for each
enters a compact subset of infinitely

often, then as , with probability one.
4) Given the conditions in (c), if contains only a

finite number of points, then there exists a measurable
mapping , such that

as , with probability
one.

Proof: The proof follows immediately from the proof of
the Theorem in the work of Kuan and White [22], itself derived
from fundamental results of Kushner and Clark [23].

IV. EXPERIMENTAL RESULTS

In this section, we present experimental results and analyze
the performance of the proposed recurrent neural network.
In order to verify the performance of the proposed recurrent
neural network, recognition experiments using the totally
unconstrained handwritten numeric database of Concordia
University were performed [2].

A. Database

The handwritten numeric database of Concordia University
consists of a totally unconstrained 6000 numerals originally
collected from dead letter envelopes by the U.S. Postal Service
from different locations in the United States. The numerals
of this database were digitized in bilevel on a 64 224
grid of 0.153 mm square elements, giving a resolution of
approximately 166 PPI [24]. Training used 4000 numerals and
testing used 2000.

Fig. 5 shows some representative samples taken from the
numeric database used in this paper. Many different writing
styles are apparent, as well as different numeral sizes and
stroke widths.
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Fig. 6. Learning curves for the four different neural networks.

Fig. 7. Error rate versus training set size for the four different neural networks.

TABLE I
ERROR RATES ON THE TRAINING SET

TABLE II
ERROR RATES ON THE TESTING SET

B. Recognition Experiments

In order to demonstrate the performance of the proposed re-
current neural network, four kinds of neural-network classifiers
have been considered. These are as follows:

Feedforward NN: Simple three-layer feedforward neural
network;

Jordan’s RNN: Jordan’s recurrent neural network;
Elman’s RNN: Elman’s recurrent neural network;
Proposed RNN: Proposed recurrent neural network.

The input pattern has been size-normalized to 1616, and
then, in order to train the spatial dependencies in a character

image, directional feature vectors for horizontal, vertical, right-
diagonal, and left-diagonal directions are calculated from a
size-normalized image by using Kirsch masks [25]. Addition-
ally, each 16 16 directional feature vector is compressed to
4 4 features. Furthermore, in order to consider the global
characteristics of input image, we compressed the 1616
normalized input image into a 4 4 image, and used this
compressed image as a global feature. As a result, final features
consist of 5 4 4 features; 4 4 4 local features, and
1 4 4 global features. These features have been used as
input values to neural networks, in which the input layer and
hidden layer consist of 80 units and the output layer consists
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TABLE III
REDUCTIONS IN ERROR RATE FOR EACH RECURRENT NEURAL NETWORK COMPARED TO THE SIMPLE FEEDFORWARD NEURAL NETWORK

Fig. 8. Error rate versus rejection rate for the four different neural networks.

TABLE IV
CONFUSION MATRIX FOR THE FEEDFORWARD NN

of 10 units. In order to activate the output units of the recurrent
neural networks the feature values for a character are accepted
twice. This has the effect of preserving spatial dependencies
for effective discrimination of similar numerals.

We have used the backpropagation learning algorithm
[19] for simple feedforward neural network and the
Williams–Zipser algorithm [17] for recurrent neural networks.
Because training sequence size is two, namely,and ,
per character in training the recurrent neural network, the
modification of weights occurs only in cycle.

C. Experimental Results and Analysis

Fig. 6 shows learning curves for the four different neural
networks. As shown in Fig. 6, the proposed recurrent neural
network greatly improved convergence speed.

We also have examined error rate versus training set size,
in order to verify the generalization powers of the proposed
recurrent neural network. The number of training sets has been

varied from 800 to 4000, fixing the number of testing set at
2000. Fig. 7 shows the changes in error rate without rejection
on testing sets as the size of training set increases.

As can be observed from Fig. 7, the proposed recurrent
neural network and Elman’s recurrent neural network showed
superior generalization powers to the other neural networks.

Tables I and II show error rate without rejection on the
training sets and testing sets, respectively.

As indicated in Table II, in the case of simple feedforward
neural network, the error rate is 3.7%. In the cases of using
the other three types of recurrent neural network, error rates
are 3.1%, 2.9%, and 2.7%, respectively. These results confirm
that the proposed recurrent neural network has very good
discrimination powers when compared to the other recurrent
neural networks.

Table III shows the reduction of error rate for each recurrent
neural network compared to the simple feedforward neural
network in Table II.
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TABLE V
CONFUSION MATRIX FOR JORDAN’S RNN

TABLE VI
CONFUSION MATRIX FOR ELMAN’S RNN

TABLE VII
CONFUSION MATRIX FOR THE PROPOSEDRNN

As shown in Table III, the use of the proposed recurrent
neural network brings about 24.1% reduction in error rate
compared to the simple feedforward neural network. However,
for the cases of using Jordan’s and Elman’s recurrent neural
networks, the reductions in error rate are 20.0% and 18.0%,
respectively. The 24.1% reduction in error rate is of statistical
significance in unconstrained handwritten numeric recognition.

We have also analyzed error rate versus rejection rate to
evaluate discrimination performance of the four different neu-
ral networks on testing sets. The results are described in Fig. 8.

Table IV through Table VII show confusion matrices with-
out rejection for each neural network. In these tables, we can

easily see the discrimination performance of each architecture.
As shown in Table VII, the proposed recurrent neural network
can classify similar numerals efficiently.

V. CONCLUDING REMARKS

In this paper, we proposed a new type of recurrent neural
network architecture, in which each output unit is connected
to itself and is also fully connected to other output units and
all hidden units. The proposed recurrent neural network differs
from Jordan’s and Elman’s recurrent networks with respect to
function and architecture, because it was originally extended
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from the multilayer feedforward neural network to improve
discrimination and generalization powers.

In general, in cases of visual pattern recognition using
multilayer feedforward neural networks, the hidden units are
learned to maximize the useful information from input patterns
and the output units are learned to discriminate the information
given from the hidden layers. Therefore, providing more
information to output units in order to improve discrimination
powers seems a natural step.

In this paper, we also proved the convergence proper-
ties of learning algorithm in the proposed recurrent neural
network and analyzed the performance of the proposed ar-
chitecture by performing recognition experiments with the
totally unconstrained handwritten numeric database of Con-
cordia University. Experimental results confirmed that the
proposed recurrent neural network improves discrimination
and generalization powers in visual pattern recognition.

Further investigation should be made, however, to design
an optimal recurrent neural-network architecture which offers
good generalization powers and to implement it on parallel
hardware.
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