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Abstract: In this paper, we introduce a shifted Legendre neural network method based on an extreme
learning machine algorithm (SLeNN-ELM) to solve fractional differential equations with constant and
proportional delays. Based on the properties of Caputo fractional derivatives and shifted Legendre
polynomials, the fractional derivatives of SLeNN can be represented analytically without other
numerical techniques. SLeNN, in terms of neural network architecture, uses a function expansion block
to replace the hidden layer, and thus improving the computational efficiency by reducing parameters.
In terms of solving technology of neural networks, the extreme learning machine algorithm is used
to replace the traditional gradient-based training algorithm. It dramatically improves our solution
efficiency. In addition, the proposed method does not require parameter initialization randomly, making
the neural network solution stable. Finally, three examples with constant delays and three examples
with proportional delays are given, and the effectiveness and superiority of the proposed method are
verified by comparison with other numerical methods.

Keywords: Fractional delay differential equation; Constant delay and proportional delay; Shifted
Legendre neural network; Extreme learning machine algorithm

1. Introduction

In the last decades, it has been noticed that many phenomena usually modeled by ordinary
differential equations (ODEs) can be better modeled by delay differential equations (DDEs) [1].
Unlike ODEs, the solution of DDEs requires not only information about the current state, but also
some information about the previous state. Currently, DDEs play an important role in many practical
areas, especially in population dynamics, infectious diseases and chemical kinetics, see [2—4].

In recent years, fractional differential equations have superior modeling capabilities in various
scientific and engineering fields, and fractional delay differential equations (FDDEs) have been
widely concerned by researchers [5, 6]. Numerous studies have shown that FDDEs are applicable to
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different problems in many fields such as population dynamics, economy, control, medicine,
electrodynamics and chemistry [7, 8].

Since the analytic solution of most FDDEs cannot be represented explicitly, the intensive focus of
the researchers is to achieve its numerical solutions [9]. Over the years, some numerical techniques
for solving FDDEs have been developed.  These methods include method of steps [10],
Adams-Bashforth-Moulton method [11], Runge-Kutta-type method [12], finite difference
method [13], Bernoulli wavelets [14], Bernstein operational matrix of differentiation method [15] and
modified Chebyshev wavelet method [16]. However, the above techniques do not guarantee that the
solutions of differential equations are analytical, and in this respect, neural network methods are
superior to classical numerical techniques [17].

Differential equations have been solved by neural network methods for more than 20 years [18].
Here, we briefly review some critical advances in neural network methods for differential equations.
Lagaris et al. [19] present a method for solving initial and boundary problems for ODEs, coupled
ODE systems, and partial differential equations using artificial neural networks as a trial solution.
Jafarian et al. [20] use the generalized sigmoid function as the cost function and the three-layer
feedforward structure is considered an iterative scheme for solving linear fractional ODEs.
Hou et al. [21] study the use of neural networks for various pantograph-type functional differential
equation problems with a proportional delay term subject to initial or boundary conditions.
Shiri et al. [22] propose a neural network method to solve fractional diffusion equations using an
adaptive gradient descent method to minimize the energy function. Recently, Ye et al. [23] introduce a
deep neural network approach to solve time-fractional differential equations in the conformable sense.
In addition, other advances in fractional-order time-delay neural networks can be found in [24-26].

Compared with classical numerical methods, neural network methods offer the following
advantages:

e Neural networks trained can obtain the value of the solution of the differential equation at any
position in the definition domain.

e Due to the representability of neural networks, the resulting neural network solutions are
analytical in essence. That is, these solutions are available in the form of continuously
differentiable functions.

e Neural network methods possess high solution accuracy and good generalization properties.

e A similar procedure is employed for different initial and boundary conditions of the differential
equations.

e The computational complexity of neural network methods does not increase rapidly with more
sampled training points.

Up to present, efforts to invest in FDDEs remain low compared to other fields [27]. Furthermore,
to the best of our knowledge, no scholars have used neural network methods to solve FDDEs. We
therefore aim to propose an accurate and efficient numerical method to solve FDDEs. This is the
motivation of this paper. As a family of orthogonal functions, the Legendre family behaves very
efficiently in numerical calculations [28]. Yang et al. proposed a Legendre neural network for
function approximation to avoid the complexity of traditional feedforward neural networks [29]. Both
Saadatmandi et al. [30] and Qu et al. [31, 32] studied the methods based on Legendre polynomials for
solving fractional differential equations. In addition, Legendre neural network has been successfully
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applied in channel equalization [33] and system identification fields [34]. Inspired by these, we
propose a shifted Legendre neural network (SLeNN) to solve the following two problems of FDDE:s:

1. Constant delay

SDYx(t) = hy (1) + ho(D)x(t) + ha(Dx(t — 1), 1€ (0,71,
x(1) = ¢(2), t<0, (1.1)
xP(0) = 4, pel0,1,....n—1},

2. Proportional delay

{S Dix(t) = g1(1) + g2(0)x(1) + g3(x(71), 1€ (0,T], (12)

xP(0) = a,, pelo,1,...,n—1},

where 7 € (0,1], @ € (n - 1,n], n € N, x') represents the p-derivative of x and 1, € R for p €
{0,1,...,n =1}, and ¢(0) = Ay.

The proposed SLeNN is a functional link neural network (FLNN) based on shifted Legendre
polynomials, which enhances the input by shifted Legendre polynomials and skips the hidden layer to
improve computing efficiency. The output of SLeNN is used as the trial solution for FDDEs. Unlike
expensive gradient-based optimization techniques [18-20, 31, 32], we use an improved extreme
learning machine [35] to solve SLeNN.

The main contributions of this paper are as below:

e For the first time, a single layer functional link neural network based on shifted Legendre
polynomials is established for solving the FDDEs, including constant delay and proportional
delay.

e The proposed method is a completely non-iterative neural network method with high efficiency.

e Since the proposed method uses shifted Legendre polynomials in place of the hidden layer of the
network, it can perform fractional derivatives of FDDEs analytically without any truncation or
numerical discretization.

e Different from the usual neural network methods, the proposed method does not need to initialize
the parameters of the neural network randomly, ensuring the stability of the results.

The rest of this paper is arranged as follows. Section 2 briefly introduces the properties and related
formulas of fractional calculus and shifted Legendre polynomials. We describe the structure of SLeNN
in Section 3. In Section 4, specific methods for solving fractional differential equations with constant
and proportional delays are presented, respectively. After that, six numerical examples are given in
Section 5 to demonstrate the effectiveness and advantages of our method. Section 6 summarizes the
main work of this paper.

2. Mathematical preliminaries

This section first gives some basic definitions and related properties of fractional calculus; see [36]
for more details.
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Definition 2.1. Let x(f) € L'([ty, T]; R). The Riemann-Liouville fractional integral of order a > 0 is
defined as

l !
RL 7@ _ a—1
o 1x0 = mos f (t = w)* ' x(du, 1€ [1,T),
where I'(-) denotes the Gamma function.

Definition 2.2. Let x(t) € AC([ty, T]; R). The Caputo fractional derivative of order @ > 0 for a function

x(1) is defined as
RL y—@ ( d

o —nx(t),n—1<oz<n,
oD x(1) ={ t(oit dx)
dx

)n x(1), a=n.

Since the derivative of a constant is 0, the following property holds in the Caputo sense:

0, keZ*, k<[al,

C Nna
D;y(1") = { U+ kea
o Thel-ay! keZ*, k>[a], t>O0.

Next, several basic formulas about shifted Legendre polynomials are presented [37].

Definition 2.3. Shifted Legendre polynomials Legr,(f) of degree n have the following explicit
analytical form:

(n+ T —1)°

T5(n— s)!(s!)?

Legra(H) = Y (=1)°
s=0
or

n wis (A
Legrn®) = 2V iR

Property 2.1. The derivative recurrence relation of shifted Legendre polynomials Legr,,(t) is given by

Td (Legrpr1(t) = Legr,-1(1))
2 dt ’

(2n + 1)Legr,(t) =

where n > 1.
3. Shifted Legendre neural network (SLeNN) Model

In this section, we will consider a single layer shifted Legendre neural network model for the present
problem. The structure of SLeNN consists of an input neuron, a functional expansion block based
on shifted Legendre polynomials and an output neuron. We use shifted Legendre polynomials to
expand each input data into several terms. Thus, the shifted Legendre polynomial can be regarded as
a new input vector. Let us consider the input neuron ¢ with m training data, which can be denoted as
t = (t,t0,...,t,)T. The basic formulas of shifted Legendre polynomials are given by Definition 2.3
and Property 2.1. It is worth mentioning that the shifted Legendre polynomials satisfy orthogonality
on the interval [0, T].

In this work, we augment the input mode by shifted Legendre polynomials. Here, the input vector
t is expanded an n-dimensional augmented shifted Legendre polynomial. Then the vector of enhanced
mode is obtained by using shifted Legendre polynomials as

[Legro(t1),...,Legrn—i(t1), Legro(ta), ..., Legrn—1(t2), ..., Legr—1(ty)].
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The architecture of the SLeNN with the first five shifted Legendre polynomials, input layer (with
single node) and output layer (with single node) is shown in Figure 1. We will describe how to solve
the FDDE by SLeNN-ELM in the next section.

[
|
! N EE—"
|
I L
: g Lé’gm(l)
| S |
|

8
| N1 Legra FDDE
(4 N
| R Information
: §jo Legrs(1)
| .
i S| Legrat)
. 3
=

w' ELM Algorithm

Figure 1. Structure of shift Legendre neural network with n = 5 for FDDE:s.

4. SLeNN-ELM for solving fractional delay differential equations

In this section, we introduce how to use SLeNN and an improved extreme learning machine to solve
fractional differential equations with constant and proportional delays.

At the beginning of this section, for ease of expression, we write the output of SLeNN as the
following mathematical expression:

H1) = ) wix Legri (1), 4.1)
i=1

where w; represents the connection weight between the shifted Legendre expansion block and the
output layer, X(¢) is the output of SLeNN.

According to Eq (2.2), we can analytically derive the a-derivative of X(7):

oy Y '@ a
CD(1) = ; Wi . 5 Legria (). (4.2)

4.1. Methodology for solving fractional differential equations with constant delay

We consider the generalized form of fractional differential equations with constant delay, i.e.,
Eq (1.1). For simplicity, we take x(#) = ¢(7), t < 0 and 4y = ¢(0) as an example. In the proposed
method, we do not need to construct the trial solution, but rather separate the adjustable parameters w;
in SLeNN. Substituting Eqs (4.1) and (4.2) into Eq (1.1) and using simple mathematical
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transformations, we can obtain

n F . n
w; * {Z TG Y)Q)Legm_l(z“) — hy(1) Z; Legr,i-1(1)
= 4.3)

—hy(t) ) Legri(t = r)} = I (@).
i=1

i=1

Now, for different training data of ¢ from the definition domain, we can rewrite the above formula
as matrix form H = w = § with

Hi(ty) Hy(t) ... H,(t)
| Hi) Hi(n) ... Hu(t)
Hl (tm) HZ(tm) oe e Hn(tm)

T
W:(W13W25"'awn) b

B = (1), (t2), ..., (@),

where H;(t) = rggl)LegT,,-_l(t") — hy(t)Legr,—1(t) — hs3(t)Legr,-1(t — ) and the information about the
vector (3 is already available.
Next, for the initial condition x() = ¢(#),t < 0, we take m’ training data in < 0. Likewise, we can

construct the matrix form H;c = w = 3;c, where

Legro(t)) Legri(t})) ... Legr,1(f))
Legro(t)) Legr (ty) ... Legr,-(t})

IC = . . . )
Legro(t,,) Legr.(t,) ... Legr,-i(t,)

ﬁIC = (¢(t;)’ ¢(t£)’ cee ¢(tz/n))T
When the solution of SLeNN satisfies both Eq (1.1) and initial conditions, the following linear

systems can be obtained:
H B
w= .
( Hc ) (,BIC )

Since we cannot guarantee that g |12 non-degenerate or square matrix, we choose to find the
Ic
minimum norm least square solution of the system, namely:
¥
H
w' = ( B ) , (4.4)
Hc Bic

-1
where AT = (ATA AT is the Moore-Penrose generalized inverse and w* exists and is unique. Finally,
we can gain the SLeNN solution by substituting the parameters w! into Eq (4.1) and regard it as the
solution of FDDEs.
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4.2. Methodology for solving fractional differential equations with proportional delay

Here, we consider the fractional differential equations with proportional delay, i.e., Eq (1.2). To
make it easy, let’s take x(0) = Ay and x’(0) = 4, as an example. Similar to Section 4.1, we substitute
Eqgs (4.1) and (4.2) into Eq (1.2) and move all terms related to x to the left side of the formula,

n F . n
w; * {Z NG Y)a,)l‘egT,i—l(ta) — (1) ; Legr,-1(t) s

—-g3(1) Z LegT,i—l(Tf)} = g1(0).
i=1

i=1

Now, in order to get the matrix form G = w = 3, we take m number of training points from the
definition domain. By exploiting these training points, we have

Gi(t1)) Gat) ... Gu(t)

| Gi) Gitr) ... Gu(nr)

Gl(tm) GZ(tm) o Gn(tm)
w=(w,wy..., wn)T,

B=(g1t), g1(t2), ..., &1t
with Gi(t) = 7 Legri-1(t%) — ga(t)Legri1 (1) — gs(t)Legri1(t — 7).
Then we consider two initial conditions x(0) = Ay and x’(0) = A;. In order to make the obtained
SLeNN-ELM solution satisfy the initial conditions, we also need to construct the matrix form of Gy¢ *
w = B¢ as follows:

Wi
Legro(0) Legr (0) ... Legr,,-1(0) w2 _ Ao
0 Legr(0) ... (n—1)Legr,-1(0) A |
Wy

After that, the above problem is solved using the Moore-Penrose generalized inverse theory. Similar
to Eq (4.4), we gain the parameters of SLeNN by the following formula

. [ G\ B
W—(G,c)( ﬂ) 6)

Since the target matrix is not square in most cases (depending on the number of training points and the
order of the SLeNN), we have to use a pseudo-inverse. The obtained optimal parameters can be used
to represent the established SLeNN. Notably, unlike traditional gradient-based neural network training
methods, this method does not require any optimization process.

5. Numerical illustrations
In this section, we use six numerical experiments to verify the accuracy and superiority of the
proposed method. All experiments are performed on a computer, which is configured as follows:

Intel(R) Core(TM) 15-8265U CPU @ 1.60 GHz 1.80 GHz.
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5.1. Fractional differential equations with constant delay
Example 5.1. Consider the following fractional differential equations with constant delay [27,38]:
rG) .5 IQ ,

- P8+ -3t+1, t>0,
r2s) T8 >
x) = -1-1, -1<t<0.

SDYx(f) = —x(t — 1) +

-0.95

T T L]
—p— SLENN-ELM
- #- Exact solution
3

L L L L " 1 L L L
0 0.1 0.2 0.3 04 05 0.6 0.7 0.8 0.9 1
t

Figure 2. The SLeNN-ELM solution and the exact solution for Example 5.1.

The exact solution is >~t—1. For a more visual comparison, we show the curves of the SLeNN-
ELM solution and the exact solution in Figure 2, with the SLeNN-ELM solution in blue and the
exact solution in red. Table 1 shows the comparison of the absolute errors of the proposed method
and Legendre wavelet method [27] at different model parameters. The results show that our method
outperforms the Legendre wavelet method. It can be seen that our method is very effective, with errors
as low as O(10719).

Table 1. The absolute errors for Example 5.1 by using Legendre wavelet method [27] with
M =2, k =7, Legendre wavelet method with M = 3, k = 7, our method withm = 3, n = 10
and our method with m = 6, n = 10.

) Legendre wavelet Legendre wavelet our method our method
M=2 k=17 M=3 k=7 m=3,n=10 m=6,n=10

0.2 9.28 x 107° 7.66 x 1077 4.44 x 1071° 2.22 x 10716

0.4 1.11 x 107 437 x 1077 6.66 x 10716 4.44 x 10716

0.6 3.38x 1076 3.12x 1077 8.88 x 10716 4.44 x 1071°

0.8 1.04 x 1076 2.50 x 1077 8.88 x 10716 2.22 x 10716

1 1.70 x 107 2.03x 1077 1.11 x 1075 2.22 x 10716

Networks and Heterogeneous Media
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Example 5.2. We consider the following FDDE [38]:

r(3)t1.6 ~ F(2)t0'6 . r(3)t1.7 ~ F(2)t0'7
ree) ra.6 1re7 Ia.7
+7=3t+2, 1el0,1],

EDP4x(t) + D x(t) + x(1 — 1) =

x(t) = -1, te[-1,0],
x(0) = x(1).

Here, we have x(f) = t* —t as the exact solution. We plot the predicted solution obtained by SLeNN-
ELM and compare it with the exact solution in Figure 3. What can be observed is that the SLeNN-
ELM method exhibits good accuracy. Table 2 compares the absolute errors of the exact solutions of
our method and the method in [38]. The root mean squared error and the max absolute error of our
method are 1.04 x 107" and 1.33 x 10~'3, respectively.

0.05

T T T
—p— SLENN-ELM
— # - Exact solution

-0.05F

< -0.1F

-0.15F

-02F

L L L 1 1 s L L
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Figure 3. The SLeNN-ELM solution and the exact solution for Example 5.2.

Table 2. The absolute errors for Example 5.2 by using method in [38] with 2 = 0.0005 and
our method withm = 6, n = 10.

( method in [38] our method

h = 0.0005 m=6,n=10
0.2 1077 9.44 x 10716
0.4 1077 0.44 x 10716
0.6 1077 1.11 x 1075
0.8 1077 1.03 x 10713
1 1077 1.33 x 1071

Networks and Heterogeneous Media Volume 18, Issue 1, 494-512.
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Example 5.3. In this example, we consider the following equation with constant delay [6,41,42]:

Table 3. The absolute errors for Example 5.3 by using Chebyshev wavelets method [41],

SDYx(t) + x(t) + x(t — 0.3) = ™07,

x(t)=e’,

x(0) = =x'(0) = x"(0) = 1.

-03<1<0,

method in [6] and our method with m = 10, n = 10.

t>0,

2<a<3,

t Chebyshev wavelets method  method in [6] our method
0.01 8.20 x 107 4.53x107° 2.61x 1071
0.02 6.68 x 1078 1.84 x 107° 1.09 x 10713
0.03 2.29 x 1077 2.81 x107° 1.04 x 10712
0.04 5.51 x 1077 4.46 x 10710 2.74 x 10712
0.05 1.09 x 107° 5.79 x 10710 5.34x 10712
0.06 1.91 x 107° 3.10 x 10710 8.95 x 10712
0.07 3.09 x 10°¢ 2.14 x 10710 1.37 x 107!
0.08 4.67 x107° 8.79 x 10717 1.95x 1071
0.09 6.75 x 1076 1.60 x 107° 2.66 x 1071
0.10 9.40 x 107° 2.32x107° 3.48 x 107!

When a = 3, the exact solution is e™’. To see the characteristic of the solution more intuitively, we
show in Figure 4 the resulting SLeNN-ELM solution and the exact solution, which are two curves that
overlap almost precisely. In Table 3, we list the results of Chebyshev wavelets method [41], method
in [6] and our method with m = 10, n = 10. Here, in order to match and compare the results reported
in the literature above, we only present the absolute error value at ¢ € [0,0.1]. We observe that the
proposed method is more accurate than other methods.

Networks and Heterogeneous Media
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0.3

T T T
—p— SLENN-ELM
— # — Exact solution

0

0.1

0.2 0.3 0.4

0.5 0.6 0.7
t

0.8 0.9

Figure 4. The SLeNN-ELM solution and the exact solution for Example 5.3.
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Moreover, to demonstrate the effectiveness of our method more visually, we depict the absolute error
by our method for Example 5.3 in Figure 5. From Figure 6, we can find that the solutions obtained

by our method vary consistently from fractional to integer order, indicating that the fractional order
solutions are accurate.

Error in solution obtained by SLENN-ELM

Figure 5. Error in obtained SLeNN-ELM solutions for Example 5.3 by using m = 10,
n = 10.

1 T T T T T T T T T
alpha=2.6
alpha=2.7

09F alpha =2.8|]
alpha=2.9
alpha =3.0
0.8F 1
0.7F 1
3
0.6 1
0.5F 1
04 1
03 L L L L L L L L L

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
t

Figure 6. The SLeNN-ELM solution for Example 5.3 at various values of a.
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5.2. Fractional differential equations with proportional delay

Example 5.4. Consider the following example of fractional differential equations with proportional
delay [14,27]:

« 1 4 1 o [4 8 1\ _
th x(t) = —x(1) + l_ox(gl) + Eth x(gt) + (gt — E)e 5
where 7 € [0, 1] and « € (0, 1] with the initial condition x(0) = 0.

0.4

T T T T T T T T T
—H— SLENN-ELM
- 8 = Exact solution r

035
03F

025F

0.15F
0.1F

0.05F

0

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
t

Figure 7. The SLeNN-ELM solution and the exact solution for Example 5.4.

When a = 1, we get x(f) = te™" as the exact solution. We plot the solution obtained by SLeNN-ELM
and the exact solution in Figure 7 to facilitate our observation of the characteristics of the solution. To
highlight the advantages of the proposed method, we have also compared it with other numerical
methods. For @ = 1, Table 4 shows the absolute errors of our method with m = 10, n = 10 and other
methods: variational iteration method [39] with /71 = 6, two-stage order-one Runge-Kutta method [40],
generalized fractional-order Bernoulli wavelet [14] with k = 2, M1 = 6, @ = 1 and Legendre wavelet
method [27] with k =2, M = 6.

Table 4. The absolute errors for Example 5.4 by using variational iteration method [39] with
m = 6, two-stage order-one Runge-Kutta method [12], generalized fractional-order Bernoulli
wavelet [14] with k = 2, M1 = 6, o = 1, Legendre wavelet method [27] withk =2, M = 6
and our method with m = 10, n = 10.

t variational iteration =~ Runge-Kutta Bernoulli wavelet Legendre wavelet our method

0.1 1.30x1073 8.68x 107* 1.98x 1078 9.76 x 107 5.44x1071
0.3 2.63x1073 1.90x 1073 7.78 x 107 5.67x 107 3.89x 1071
0.5 2.83x1073 228%x 107 6.34%x107 7.75x 107 2.53x 107!
0.7 239x1073 227%x1073  436x 107 6.91 x 107 1.67x107!!
09 1.64x1073 203x 1072  2.80x 107 5.57 x 107° 1.37x 1071

Networks and Heterogeneous Media
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When a € (0, 1), the exact solution is unknown. To prove the accuracy of the proposed method, we
extend the domain from ¢ € [0, 1] to ¢ € [0, 8] and plot the SLeNN-ELM solution at different values of
a in Figure 8. The obtained results are in good agreement with those in [27].

0.4
alpha=0.6
alpha=0.7
0.35F alpha=0.8
alpha=0.9
alpha = 1.0
03
0.25F
= 0.2
0.15
0.1 N\
0.05 |-
0 L
0 1 2 3 4 5 6 7 8

Figure 8. The SLeNN-ELM solution for Example 5.4 at various values of @ with m = 10,
n = 10.

Example 5.5. As the second example, consider [43,44]:

16 25,

t 7
0= a0 ++(2)+ 10+ 1o

x(0) =0,

and the exact solution for this example is 7.

1.2 T T T
—p—SLENN-ELM
- #- Exact solution
1 -
0.8
= 0.6
04
02F
0 »

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
t

Figure 9. The SLeNN-ELM solution and the exact solution for Example 5.5.
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In Figure 9, we can visualize the accuracy of the SLeNN-ELM solution by plotting the exact
solution and the neural network solution. The comparison of absolute values of errors at grid points
selected by our method and method in [44] is shown in Table 5. Here, the parameters m = 8, n = 10
are chose. The error obtained by our method is at least O(107!6). Obviously, our method performs

better.

Table 5. The absolute errors for Example 5.5 by using method in [44] with N = 12 and our

method with m = 8, n = 10.

t

method in [44], N = 12

our method, m = 8, n = 10

0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

221 %1077
9.89 x 1077
3.41x10°°
1.95x 107
5.62x 1077
1.20x 107
2.25 %107
3.75x 107
5.80 x 10~
8.48 x 107

5.62 x 1077
5.38x 107"
1.11 x 1071°
6.94 x 1071°
1.94 x 10716
5.55x 107"
0

0

2.22x 10716
2.22 x 1071°

Example 5.6. We give a higher-order example of proportional delay. Consider the equation as follows:

G o 1,

DV x(r) = x(t) - 3x(%) +

I'(1.3)

4 o

with the initial condition x(0) = x’(0) = 0 and we obtain x(f) = > as the exact solution.

Table 6. The absolute errors for Example 5.6 by using our method with m = 5, n = 10 and

m="17,n=10.
) our method our method
m=5n=10 m="7,n=10

0.1 2.14x 1071 1.99 x 1071
0.2 226 x 1071 1.89 x 10713
0.3 236 x 1071 1.55x 1071
0.4 235x 1071 1.36 x 1071
0.5 244 %1070 9.99 x 10716
0.6 2.55x 1071 7.21 x 10716
0.7 2.50x 1071 5.00 x 10716
0.8 233x 1071 5.55x 10716
0.9 222x 1070 222 % 10716
1.0 222 %1071 0

The exact solution and the SLeNN-ELM solution are graphed in Figure 10. It can be observed that
the two curves are almost perfectly fitted. In Table 6, we show the absolute values of the error using
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our method withm = 5, n = 10 and m = 7, n = 10, respectively. We note that different parameter
values both provide a fairly high accuracy for our SLeNN-ELM solutions.

0.8F

Z06F

0.4r

02F

—p— SLENN-ELM

- & -Exact solution

0
0

0.6 0.8 1

Figure 10. The SLeNN-ELM solution and the exact solution for Example 5.6.

Finally, we list the CPU time required by the proposed and other methods in Table 7. We observe
that the proposed method can achieve good accuracy with very high efficiency.

Table 7. CPU time required for the proposed and other methods in all examples.

Example = Method Selected parameters CPU time (s)
51 Legendre wavelet method [27] M=2k=7 41.5627
) our method m=6,n=10 1.0754
59 method in [38] h = 0.0005 69.3673
’ our method m=6,n=10 1.0216
5.3 method in [6] n=9 45.1560
) our method m=10,n=10 0.7336

54 Legendre wavelet method [27] M=6k=2 6.5233
’ our method m=10,n=10 0.5683
5.5 method in [44] N=12 38.7851
) our method m=8,n=10 0.4590
5.6 our method m=7,n=10 0.4053

6. Conclusion

In the present work, we propose a shifted Legendre neural network based on an extreme learning
machine algorithm (SLeNN-ELM) to solve fractional differential equations with constant and

proportional delays.

Networks and Heterogeneous Media
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methods in solving differential equations. For example, the solution obtained is analytical in essence.
This is helpful for us to better study the properties of the solution of the equation. Different from the
traditional neural network method, we use the extreme learning machine algorithm instead of the
gradient-based training process, which significantly improves the computational efficiency under the
premise of ensuring the accuracy of the solution. In addition, SLeNN is a FLNN, which uses function
expansion blocks instead of hidden layers to improve the computational efficiency of the network by
reducing the number of parameters. The required calculation time for our method is listed in Table 7.
On the other hand, the proposed method can perform fractional derivatives analytically without any
truncation or numerical discretization for the fractional problem. More importantly, the proposed
method does not need to initialize parameters randomly like other neural network methods, which
enables us to obtain a stable solution to any problem. Finally, six examples are given, and the
proposed method is compared with other numerical methods. The numerical results show the
effectiveness and superiority of our method. In future work, we will consider combining multi-hidden
layer neural networks [45] and extreme learning machine algorithms to better solve fractional
differential equations with different time delays.
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