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The present work aims to use time delays generated in an artificial neural network (ANN) by developing 
techniques with simple software design. This network has been modified, by adding the new Alshaban 
model and the hybrid model called Hopfield - Alshaban network. The feedback has been proposed as 
such in a recurrent network (Hopfield model). Time delay can be evaluated by proper pattern appearing, 
when Hopfield network has been trained in such a way as to produce a programmable time delay by 
changing net weights vectors, which is connected to inputs. Time delays have many applications in 
signal processing such as digital filtering, correlation, and in ultrasonic signal classification. These 
created time delays are found more preferable and reliable than that generated by conventional analog 
and digital systems. 
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INTRODUCTION 
 

Poullis and Weaver (1970) suggested that the distributed 
parameter analog delay line of coaxial cable was 
designed as analog type with a bandwidth of 5.5 MHz. 
Dvorak (1972) used CAD to design analog type of delay 
generator by using computer simulation of the delay line. 
Horst et al. (1976) developed coaxial cables as a delay 
line (L-C) network is used with H.F for producing variable 
delays of (0 - 10) msec range. Movshevich (1980) 
designed another type of analog delay generator with     
(0 - 225 ns) range. This system is digitally controlled with 
limited delay tapping (DAC). Digital to analog converter is 
used as a part of a control unit of the delay system. 
Previous work by Poullis, Dvorak, Horst and Movshevich 
(1980) is with several analog circuits' complication being 
used also with microcomputer interfacing of these 
systems. This delay is with noise and instability. Al-
shaban and Dinnis (1983) have developed a digital 
sampling system to generate time delays that were 
controlled by microcomputer. Programmable counters 
were used for delay generation. Al-Shaban and Hussian 
(1983, 1989) has used microprocessors based on delay 
generator where it controls and stores the desired time 
delays. Hardware and software design were given. 

Previous work by Poullis and Weaver (1970); Horst and 
Movshevich (1980) and Al Shaban and Hussian (1983, 
1989) on delay circuitry which requires construction of a 
series of costly circuits also suffers from noise and phase 

instability.  Reported work by Alshaban   and   Hussian 
(1983, 1989) simplifies the circuit construction, but 
required a machine code of routine program for used 
microprocessor. This was risky and time consuming. 
 
 
TIME DELAYS MATHEMATICAL APPROACHES 
 
This depends on the principle of Hopfield Neural Network 
with recurrent model in order to generate time delays as 
described in details as follows: 
 
Mathematical foundations of discrete-time Hopfield 
networks are given. 

Attention given currently to this class of networks and 
to their mathematical model is due to their very 
interesting and intrinsic properties. This class of network 
in the early and mid 1980 followed the development of 
the theory. Microelectronic and optoelectronic technology 
has made it possible to fabricate micro systems based on 
the formulae 4 network model (Howaed et al., 1988; 
Alspector et al., 1988). The main properties of the 
continuous- time dynamical system model were 
reviewed. 

Following the postulates of Hopfield, the single- layer 
feedback neural network is assumed as shown in Figure 
1.  It  consists  of  n  neurons  having threshold values TI.  
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Figure 1. Single layer discrete time feedback network: (a) interconnection scheme and (b) block diagram. 

 
 
 
The feedback input to the i

th
 neuron is equal to the 

weighted sum of neuron outputs Eva. Where j == 1, 2........ 
n. denoting wij as the weight value connecting  the  output 
of the j

th
 neuron with the input of the i

th
 neuron. 

 
Neti = Σ Wij vj + ij – Ti        for I = 1, 2,…., n             [1a] 
 
j=1 
j=i 
 

It can be expressed that the total input networki of the i'
th
 

neuron as the external input to the I th neuron has been 
denoted here as i j. This introduces the vector notation for 
synaptic weights and neuron output. Equation [1a] can be 
rewritten as: 

 
net, =W

t
v+ij-Ti for i=l, 2,.., n ..                               [1b] 

 
Where 

 

 

is the weight vector containing weights connected to the  
input of the i' th 
 
 

 
 

The complete matrix description of the linear portion of 
the system shown in Figure 2 is given; 
 

Neuron, which is the neural network output vector, is also 
called the output vector by: 
 

Net = Wv +i-t
-
 

 

Where 
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Figure 2. Single layer feedback network: (a) interconnection scheme and (b) block diagram. 
 
 
 

vectors contain activations and external inputs to each 
neuron respectively. The threshold vector t has been 
defined here as: 
 

 
 
Matrix W, sometimes called the connectivity matrix, is an 
n × n matrix containing network weights arranged in rows 
of vectors wi

t
 as defined in [1b] and is equal to: 

 

 
 
In the expanded form, this matrix becomes: 
 

 
 
It should be noted that the weight matrix W in this model 
was assumed to be symmetrical, that is, wij = wji. 

Consequently, with diagonal entries equal explicitly to 
zero, that is, wij = 0. (Figure 1), no connection exists from 
any neuron back to itself. Physically, this condition is 
equivalent to the lack of self-feedback in the nonlinear 
dynamical system of Figure 1. 

Summarily, the j' th neuron output is connected to each 
of the neuron" inputs through a multiplicative synap-tic 
weight W ij, for I = 1, 2,.... n, but it is not connected to its 
own input. Let us assume momentarily that the neuron's 
activation function is sign (.) like that of a TLU element. 
This causes the following response or update of the i'th 
neuron excited as in [1] or [2] 

 
Vi

---- 
 - 1 if neti < 0 

Vi
---- 

-1 if net i > 0   ................. [3] 

 
Transitions indicated by right arrows based on the update 
rule of [3] are taking place at certain times. If the total 
input to a particular neuron gathered additively as a 
weighted sum of outputs plus the external input applied is 
below the neuron's threshold, the neuron will have to 
move to, or remain in the inhibited state. The net value as 
in [1a] exceeding zero would result in the resulting state + 
1 of the i'th neuron, which is either preceded by the 
transition or not. The rule (3) of interrogating the neurons' 
weighted outputs and updating the output of the i'th 
neuron is applied in an asynchronous fashion. This 
means that for a given time, only a single neuron is 
applied in an asynchronous fashion. It also speculates 
that, only a single neuron is allowed to update its output 
and only one entry in vector v as in [1b] is allowed to 
change. The next update in a series uses the already 
updated vector v. In other words, under asynchronous 
operation of the network, each element of the output 
vector is updated separately while taking into account the 
most recent values for the elements that have already 
been updated   and which remained   stable. This   mode   
of update realistically models random propagation  delays 



 
 
 
 
and random factors such as noise and jitter. Such pheno-
mena would indeed be likely to occur in an activation 
function close to sgn (network). Formalizing the update 
algorithm (3) for a discrete-time recurrent network and 
using (1), the following update rule can be obtained: 

 
vi

l+1
 = sgn (wi

t
v

k
 +ii - Ti), for i =l, 2,.., n and k = 0, l.     [4a] 

 
Where superscript k denotes the index of recursive 
update. The update scheme in [4a] is understood to be 
asynchronous, thus taking place only for one value of i at 
a time. Note that the right arrow in [3] has been replaced 
by the delay between the right and left sides of [4a]. The 
update superscript of vi

k+1
 refers here to the discrete-time 

instant, and could be replaced with vi[(k + 1) t ], or simply 
with v. (k +1), where t denotes the neuron' update interval 
assumed here of unity value. The recursion starts at v0, 
which is the output vector corresponding to the initial 
pattern submitted. The first iteration for k = 1 results in vi

j
, 

where the neuron number, i, is random. The other 
updates are also for random node number j, resulting in 
updates Vj

i
, j, i, until all updated elements of the vector v

1
 

are obtained based on vector v
0
. This particular update 

algorithm is referred to as an asynchronous stochastic 
recursion of the Hopfield model network. The matrix 
Equation [2] can be used as an alternative to express the 
recursive update algorithm [3]. In such a case we have: 

 
V

k+1 
=    [Wv

k
 + i-t], for k = 0, 1.............                     [4b] 

 
Where sgn (.) operates on every scalar row of the brac-
keted matrix. However, caution should now be exercised 
since formula [4b] describes the synchronous or parallel 
update algorithm. Under this update mode, all n neurons 
of the layer, rather than a single one, are allowed to 
change their output simultaneously. Indeed, starting at 
vector v

0
, entries of vector v

1
 are concurrently computed 

according to [4(b)] based on the originally initialized v
0
 

value, then v 
2
 is computed using v

1
, etc. 

The asynchronous update scheme requires that once 
an updated entry of vector v 

k+1
 has been computed for a 

particular step, this update is subsisted for the current 
value v

k
 and ua6d is used to calculate its subsequent 

update. This process should continue until all entries of v 
k+1

 have been updated. The recursive computation 
continues until the output node vector remains 
unchanged with further iterations. It thus can be said that 
when using formula [4 (b)], each of the recursion steps 
for k = 0, 1....... should be divided into n individual, which 
is randomly sequenced by single neuron updates. It is 
rather illustrative to visualize the vector of neuron outputs 
v in n-dimensional space. The output vector is one of the 
vertices of the n - dimensional cube [-1, 1] in E

 n
 space. 

The vector moves during recursions [4] from vertex to 
vertex, until it stabilizes in one of the 2

n
 vertices available. 

Note that the movement is from a vertex to an adjacent 
vertex  since  the asynchronous update mode  allows   for   
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a single- component update of an n -tipple vector at a 
time. The final position of v 

k
 as k- ∞ is determined by 

weights, thresholds, inputs and the initial vector v°. It is 
also determined by the order of transitions. 

Some of the open questions are whether the system 
has any attractors and whether it stabilizes, which have 
been assumed so far without proof and if so, is there any 
link between the initial pattern v and its final value v

k
, k - 

∞. Further, it is interesting to see how the equilibrium is 
reached and how many attractors can be stored, if any, in 
the system discussed. Finally, the study will be 
understandably interested in seeing how networks of this 
type can be designed and their weights computed to suit 
specific mapping needs. 

To evaluate the stability property of the dynamical 
system of interest, a so- called computational energy 
function will be studied. This is a function usually defined 
in n- dimensional output space v

n
. The motivation for 

such choice of space is that, system specifications are 
given most often in terms of its desired outputs, which are 
the state space. Also, the space v" is bounded within the 
[-1, I] hypercube, including its walls, edges and vertices. 
If the increments of a certain bounded positive-valued 
computational energy function under the algorithm are 
found to be non positive, then the function can be called 
a Liapunox function and the system would be 
asymptotically stable. The scalar-valued energy function 
for the discussed system is a quadratic form and it has 
the matrix form; 
 

E 
∆
= - 1/2 v

i
 Wv-i

1
v

 
– t

i
 v    ……………                      [5b] 

 

Or, in the expanded form, it is equal to: 
 

 
 

The energy increment enabled the study of changes of 
the energy function for the system which is allowed to 
update. It is assumed that the output node / has been 
updated at the k' th instant so that vk+1 – vik = ∆ vi. Since 
only the single neuron computes, the scheme is of 
asynchronous updates. The related energy increment in 
this case should be determined. In computing the energy 
gradient vector, we have [5a] 
 

                       [5a] 
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_… [: ∆E = (- wit1v- iit + ti)∆vi……………….           [6d] 
  
And the energy increment [6c] reduces to the form. This 
can be rewritten as:  
 

Or briefly 
 

∆E = - neti ∆vi……[6] 
 

Using the update rule [3], it is seen that the expression in 
parentheses in (6d) and (6e), which is equal to and the 
current update value of the output node, vi, relates as 
follows: 
 

(a) When net i <0, then vi < 0 and 
(b) When net i >0, then vi >0    ..................               [7] 
 
The observations stated here means that under the update 
algorithm discussed, the product term networki ∆vi is always 
non negative. Thus, any corresponding energy that changes 
AE in [6d] or [6e] are non positive. It can therefore be 
concluded that the neural network undergoing transitions will 
either decrease or retain its energy E as a result of each 
individual update. It has been shown that the non increasing 
property of the energy function E is valid only when wij = wji, 
Otherwise, the proof of non positive energy increments does 
not hold entirely. Indeed, if no symmetry of weights is 
imposed, the corresponding energy increments under the 
algorithm (Horst, 1976) take on the following value: 
 

 
 
And the term in brackets of [8a] is different from net. 
Therefore, the energy increment of [6b] and [6e] 
becomes non positive under rule [3] if v = w without any 
further conditions on the network. The asymmetry of the 
weight matrix W, however, may lead to the modified 
neural networks, which are also stable (Roska, 1988). 
Since the performance of the modified and original 
symmetric networks remains similar and it is much easier 
to design a symmetric network, the study will focus 
further consideration on the symmetric connection model. 
The additional condition Wij = 0 postulated for the 
discussed network will be justified later, when the 
performance of the continuous-time model performance 
network is discussed. For the asynchronous update 
scheme, one of the network's stable states which act as 
an attractor is described by the solution as shown in 
Figure 2: 

 
v 

k-1
 = lim sgn ( Wv 

k
 + I – t ) ……………[8b] --  ∞ 

 
The study has found so far that the network computing 
rule [3] results in a non increasing energy function. 
However, it must now be shown that the energy functions 

 
 
 
 
indeed as a minimum, otherwise the minimization of the 
energy function would not be of much use. Let us note 
that since the weight matrix W is indefinite because of its 
zero diagonal, then the energy function E has neither a 
mini-mum nor maximum unconstrained output space. 
This is one of the properties of quadratic forms. However, 
the function E is obviously bounded in n - dimensional 
space consisting of 2 " vertices of n - dimensional cube. 
Thus, the energy function has to reach its minimum finally 
under the update algorithm (Horst, 1976). 

A feedback network can be obtained from the feed 
forward network shown in Figure 1a by connecting the 
neurons' outputs to their inputs. The result is depicted in 
Figure 1a. The essence of closing the feedback loop is to 
enable Figure 2. 

Single-layer discrete - time feedback network: (a) 
interconnection scheme and (b) block diagram. 

Control of output 0; through outputs Op for J = 1, 2....... 
m such control is especially meaningful if the present 
output, say o (1) controls the output at the following 
instant. The time    elapsed between t and t+∆ has a sym-
bolic meaning: it is an analogy to the refractory period of 
an elementary biological neuron model. Using the 
notation introduced for feed forward networks, the 
mapping of o (t) into o (t + ∆) can now be written as 
 
O(t+ ∆) =   [Wo(t)]……                                                 [9]  
 
This formula is represented by the block diagram shown 
in Figure 1b. 

Note that the input x (t) is only needed to initialize this 
network so that x(t) = x(0). 

The input is then removed and the system remains 
autonomous for t > 0. The study thus consider here a 
special case of this feedback configuration, such that x (t) 
==x (0) and no input is provided to the network there 
after, or for t > 0. 

There are two main categories of single-layer feedback 
network. If the study considers time as a discrete variable 
and decides to observe the network performance at 
discrete time instants ∆, 2 ∆, 3 ∆,......, the system is called 
discrete- time. For notational convenience, the time step 
in discrete-time networks is equated to unity, and time 
instances are indexed by positive integers. Symbol thus 
has the meaning of unity delay. 
 
l +1 = [Wo

l
] , fork ==1, 2................................             [10] 

 
The choice of the indices as natural numbers is 
convenient since the study of the system was initialized 
at t=0 and are interested in its response thereafter. For a 
discrete-time artificial neural system, the study has 
converted to this form. 

Where is the instant number? The network in Figure 1 
is called recurrent since its response at the + 1 'th instant 
depends on the entire history of the network starting at l 
=0. Indeed, we have from (10) a series of nested 
solutions as follows: 
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Figure 3. Propagation delay in an inverter. 

 
 
 
O

1
 = Γ [Wxo] 

 = Γ [W Γ [Wxo]] 
 
O

l+1 
= Γ [W Γ [… Γ [Wx

O
] ….] ]……..                          [11] 

 
Recurrent networks typically operate with a discrete 
representation and employ neurons with a hard-limiting 
activation function. 
 
O

l+1
 = Γ [W 

l
o
 
] for k =1, 2,..,       …………                  [12] 

 
A system with discrete-time inputs and a discrete data 
representation is called an automaton. Thus, recurrent 
neural networks of this class can be considered as 
automatons (8). Equations [12] describe what the study 
calls the state O

k
 of the network at instants k =1, 2...... 

and they yield the sequence of state transitions. The 
network begins the state transitions once it is initialized 
by the instant 0 with X°, and it goes through.  
 
 
Time delay in hardware 
 
This depends not only on the present input but also on 
the past sequence of inputs. In effect, these networks 
must be able to "remember” something about the past 
history of the inputs in order to produce the present 
delay. Flip- flops are the most commonly used memory 
devices in sequential networks. 

Basically, a flip- flop is a memory device which can 
assume one of two stable output states, which has a pair 
of complementary outputs, and which has one or more 
inputs  that  can  cause  the  output  state  to change with  

precise time delay. 
Figure 3 shows possible input and output waveforms 

for an inverter as a delay unit. If the change in output is 
delayed by time el with respect to the input, we say that 
gate has a propagation delay of e2 practice. The 
propagation delay for 0 - 1 output change may be diffe-
rent than delays for 1 - 0 change (Figure 4). 

Figure 4 shows the timing diagram for a network with 2 
gates. It will be assumed that each gate has a 
propagation delay of 20 ns. This timing diagram indicates 
what happens when gate inputs B and C are held at 
constant values 1 and 0, respectively, and input A is 
changed to 1 at t = 40 ns and then changed back to 0 at t 
= 100 ns . The output of gate Gl changes 20 ns after a 
change, and the output of gate G2 changes 20 ns after Gl 
changes. Figure 5 shows a timing diagram for a network 
with an added delay element. 

The input X consists of two pulses, the first of which is 
two microseconds wide. The delay element has an output 
Y which is the same as the input except that it is delayed 
by a microsecond, that is, Y changes to a 1 value, one 
micro-second after the rising edge of the X pulse. The 
output of the AND gate (Z) shows that both X and Y are 
1. If it is assumed that there is a small propagation delay 
in the AND gate, then Z will be 1 during the time interval 
as shown in the diagram. The switching networks that 
have been studied so far have not had feedback 
connections. In order to construct a switching network 
that has memory, such as a flip- flop, there must be an 
introduction of feedback into the network. By feedback, 
we mean that the output of one of the gates is connected 
back into the input of another gate in the network so as to 
form  a  closed  loop. For  example,   in   the   NOR - gate  
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Figure 4. Timing diagram for network with delay. 

 
 
 

 
 
Figure 5. Timing diagram for AND – NOR network. 

 
 
 

network, the output of the second NOR gate is a 
feedback into the input of the first NOR gate. In simple 
cases, network can be analyzed with feedback by tracing 
signals through the network. 

For example, if at some instance of time, the inverter 
input is considered as 0, this 0 will propagate through the 
inverter and cause propagation delay and the inverter 
output will become 1. This 1 is fed back into the input and 
as a result, after the propagation delay,   the   inverter   
output will become 0. When  this  0  is  fed  back  into  the  

input, the output will again switch to 1, and so forth. The 
inverter output will continue to oscillate back and forth 
between 0 and 1 and will never reach a stable condition 
(Charles). 
 
 
The present learning matrix 
 
The learning matrix of Steinbach (1961); Steinbach and 
Piske (1963)  are  an  electronic  device  that  adapts  the 
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Figure 6. Shows Hopfield neural network as delay unit using feedback. 
 
 
 

weighted connections between lines using a Hebbian 
learning rule (Figure 4). 

Representation of the matrix with inputs, xi and outputs, 
yi, is 1.The operation of the leaning matrix can be 
described mathematically as; 
 
[Yi] = [Xi][Wt] ..[13] 
[W] = η [Xi] [Yi] [14] 
The matrix W is called the correlation matrix, or 
sometimes the association matrix. 
 
 

Time delay software design 
 

The present work used the Hopfield network as a 
recurrent network because of:- 
 
- Being able to store a number of inputs/ output 
associations in one matrix. 
- Being able to generalize to some extent, by recognizing 
similar but not identical input patterns and producing the 
same output pattern. 
- Following from the previous property, it has the ability to 
produce the correct output from incomplete or corrupted 
input patterns. 
- However, it suffers from the same drawbacks as single- 
layer networks and can represent non-linearly, separable 
functions from the input to output relationship. In addition, 
it can give the correct output pattern even when the input 
pattern  is  c  connection   matrix. For   a   relatively  small  

number of examples, it has the ability to store corrupted  
Also, it is restricted by the use of 0 and 1 values when, as 
seen earlier, there is an advantage to using -1 and +1 
because the weights can be incremented. 

The Hopfield network (Hopfield, 1982) is a radical 
development of the learning matrix, it assumes that the 
outputs, Y, are connected to the inputs, X as shown in 
Figure 6. Figure 7 shows software design of the present 
work using code design to implement Hopfield network 
from an algorithm described previously using visual basic 
(VB 6) to gate the tree of Figure 6. 

Thus, the feedback has been introduced into the 
network. The present output pattern is longer and solely 
dependent on the previous outputs. Therefore; the net-
work can be said to have some sort of memory, as its 
outputs are some function of the current inputs and the 
previous outputs. It should be noticed that this was 
compared with the feed forward networks. 

Hopfield network has one layer of neurons. When pre-
sented with an input pattern, the final or desired output is 
not immediately produced, but instead, the output keeps 
changing as the network passes through sever states 
until it converges to a stable state. One crucial feature of 
the Hopfield network is that the outputs from each of the 
neuron must change asynchronously, that is, one at a 
time. The weights are initially calculated after converting 
the inputs to- Wji. [l], Wij = 0 for all I.  
 

………………………… [15][2] Wij = Wji. 
………………………………. [16]1 or +1 respectively.  The 
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Figure 7. Block diagram of design: A code design to implement Hopfield N.N. from an 

algorithm which described the main equations, by using VB.6 to get the above tree. 
 
 
 
response of an individual neuron in the network is given 
by: (model of Hopfield - Alshaban as shown in Figure 7). 

 
 
Conclusion 

 
For the present research work, Hopfield and Alshaban, 
with new learning matrix, network has been developed to 
produce time delays depending on feedback principle 
(recurrent net) as shown in Figure 7. Different 
programmable time delays are being generated by a 
principle of recurrent neural network. This network is 
being trained and learnt to generate a precise time delay 
train and many iteration of output to input signals. A 
comparison between evaluated results of time delay in 
concern with the reported conventional techniques was 
found with high accuracy. This computational intelligent 
approach was claimed to be very helpful and was used 
as a creative original idea for generating time delays with 
less effort of software design modification. These delays 
of different (1 - 4 ns) ranges were found. Hopefully repea-

table and as a good start, different time delays, by 
changing the network weights, could be programmed by 
using propagation algorithm. Time delays could be 
extended in the near future by using Multilayer neural 
network design which can solve more complicated 
problems than single- layer networks can do, but training 
may be difficult and slow. However, in some cases, 
training may be more successful, because it is possible to 
solve a problem that a single- layer network Hopfield + 
Alshaban cannot be trained to perform correctly at all. 
"For time delays”, little neural network design modification 
and training are required. This is found very useful in 
dealing with signal processing especially if it is used in 
digital filtering, correlation and convolution where variable 
time delays are required in due time in software 
packages forms. 
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