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Echo state networks (ESNs), belonging to the family of recurrent neural networks (RNNSs), are suitable for
addressing complex nonlinear tasks due to their rich dynamic characteristics and easy implementation.
The reservoir of the ESN is composed of a large number of sparsely connected neurons with randomly
generated weight matrices. How to set the structural parameters of the ESN becomes a difficult problem in
practical applications. Traditionally, the design of the parameters of the ESN structure is performed man-
ually. The manual adjustment of the ESN parameters is not convenient since it is an extremely challenging
and time consuming task. The present paper proposes an ensemble of five particle swarm optimization
(PSO) strategies to design the structure of ESN and then reduce the manual intervention in the design
process. An adaptive selection mechanism is used for each particle in the evolution to select a strategy
from the strategy candidate pool for evolution. In addition, leaky integration neurons are used as reser-
voir internal neurons, which are added within the adaptive mechanism for optimization. The root mean
squared error (RMSE) is adopted as the evaluation criterion. The experimental results on Mackey-Glass
time series benchmark dataset show that the proposed method outperforms other traditional evolution-
ary methods. Furthermore, experimental results on electrocardiogram dataset show that the proposed
method on the ensemble of PSO displays an excellent performance on real-world problems.

Keywords: Time Series Prediction, Particle Swarm Optimization, Self-adaptive, Echo State Network, ECG.

55
12:58 i an established 1

, and cell mem-
branes 7083 These inspired algorithms are used

field of computer science where algorithms are de-
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data science problems 7170 The present paper pro-
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series play an important role in many engineer-
ing problems 28 For example, time series pre-
diction can be used in intelligent fault detection
36; 48; 5 1, weather forecast 18 23; 64, electrical fore-
cast 06500 traffic flow prediction 49;61; 81, energy
prediction21 24 pattern recogni-
67:52 and medical domain 11: 74: 14,

With the rapid growth of artificial intelligence,
artificial neural networks (ANNSs) 29, due to their
capability to deal with nonlinear problems, have
gradually become important tools for nonlinear

, civil engineering

tion

time series prediction 53:33 However, traditional
ANNSs such as recurrent neural networks (RNNs)
17:75: 46 gyffer from the problems of vanishing gra-
dient and exploding gradient and may not perform
well due to problems with the slow convergence
speed. Among the various types of ANNSs, echo
state networks (ESN) 26 are proposed. Unlike the
traditional RNNs, the ESN only needs to change
the weights of the output layer during the train-
ing phase. The weights between the reservoir (hid-
den layer) and the input layer are randomly gen-
erated and not altered during the network training
process. Thus, the training of an ESN is relatively
simple and the calculation cost is small in time and
space. Notwithstanding the simplicity in training
ESNs can have a performance comparable to that of
RNNSs. This feature makes ESN an attractive alter-
native to RNNs for some specific application prob-
lems.

Many researchers have successfully applied
ESNs to industrial problems and have achieved
some promising results in time series prediction.
Jaeger 27 applied ESN in wireless communication,
and the signal error rate is reduced by two orders
of magnitude. Zhang et al. 78 proposed a method
for data-driven artificial intelligence in fault diag-
nosis based on the ESN. Ribeiro et al. °0 proposed
an approach for water flow forecast of hydropower
plant which uses extreme learning machines and
ESN. Alizamir et al. proposed a deep ESN model
for soil temperature prediction, and the experimen-
tal results show that the algorithm is superior to
the traditional three machine learning models men-
tioned in their literature.

Although ESNs have achieved a considerable
success in time series prediction, the fact that the
reservoir is randomly initialized causes a certain
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noise in the ESN performance and may affect it. In
order to address this limitation, in the past years,
several studies proposed modifications to the ESN
structure. Georg et al. 15 proposed an ESN with
a simple and yet effective reservoir topology, the
result shows that a simple structure of ESN can
achieve comparable results to classic ESN. Ma et al.
38 introduced the idea of deep learning into ESN
and added convolution and pooling operations for
classification problem, the idea is to combine the
advantages of both technologies. Hu et al. 22 pro-
posed an ensemble of Bayesian deep ESN models
to optimize the parameters of ESN, this approach
exhibits a better performance when dealing with
more complex time series datasets. Han et al. 19
proposed a Laplacian ESN, which overcomes the ill-
posed problem due to the small amount of training
data and obtains the output weights of low dimen-
sion.

Another approach, which became popular with
the diffusion of computational intelligence, con-
sists in optimizing the parameters of the ESN.
For example, Han et al. 41 proposed a modi-
fied biogeography-based method to perform the se-
lection of feature subset and the optimization of
model parameters. Experimental results on rele-
vant datasets indicate that the algorithm is supe-
rior to other traditional evolutionary algorithms, es-
pecially in the prediction of multivariable time se-
ries. Zhong et al. 82 adopted genetic algorithms to
optimize the double-reservoir ESN, and the exper-
imental results reveal that the accuracy and stabil-
ity are excellent in time series datasets compared
to other models. Chouikhi et al. 13 adopted parti-
cle swarm optimization (PSO) 30 to pre-train some
fixed weights which are selected in the ESN. Li et
al. 3% introduced an approach to pre-train a grow-
ing ESN with multiple sub-reservoirs by optimizing
singular values, based on PSO and singular value
decomposition. Both these studies based on PSO
displayed an excellent ESN performance with re-
spect to those based on other popular metaheuris-
tics. However, for some specific problems, a single
strategy may not be sufficient, so it is necessary to
develop a mechanism that can automatically adapt
to the needs of the application task.

Inspired by this observation, in this paper
we propose an ESN based on self-adaptive parti-
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cle swarm optimization (SaPSO-ESN) for time se-
ries prediction. An adaptive selection mechanism is
used for each particle in the evolution to select a
strategy from the strategy candidate pool for evo-
lution. In addition, leaky integration neurons are
used as reservoir internal neurons, which are added
within the adaptive mechanism for optimization.
Each individual is assigned an appropriate PSO
strategy to make the individual develop towards a
lower fitness value. Thus, the convergence speed of
the algorithm is accelerated, the optimal solution is
found more accurately, and the prediction accuracy
is improved. The optimized parameters are then
brought into ESN to boot up the network. The root
mean squared error (RMSE) is adopted as evalua-
tion criterion. To verify the validity of the proposed
algorithm, we performed experiments on Mackey-
Glass time series benchmark dataset 40
cardiogram (ECG) time series dataset.

The reminder of this paper is organized as fol-
lows. Section 2 elaborates the background knowl-
edge about time series prediction, PSO and ESN.
A detailed description of our proposed method
S5aPSO-ESN is given in Section 3. In Section 4,
the proposed algorithm is tested on Mackey-Glass
benchmark dataset and ECG dataset. Finally, Sec-
tion 5 concludes this paper and future research
work is presented.

and electro-

2. Background

Time series is a series of data points indexed in time
order. Its units can be seconds, minutes, hours, days,
months, years, etc. By analyzing these data to un-
derstand past trends and predict future trends. Time
series prediction model is mainly based on the ex-
isting time series data to make short-term forecasts
for the future. This is a kind of complex predictive
modeling problem which depends on the past time
sequence. Prediction models can be roughly divided
into two categories, one is the traditional statistical-
based learning method, the other is the more popu-
lar machine learning method in recent years. Time
series prediction is widely used in stock forecast,
weather forecast, agricultural forecast, traffic flow
forecast and other fields. Due to the simple and effi-
cient nature, ESN is increasingly used in time series
prediction recently.
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2.1. Echo State Network

ESN is a three-layer recurrent neural network con-
sists of three parts: input layer, reservoir and output
layer. Each layer is connected to the other layers by
neurons. Each connection has a weight value that
forms the weight connection matrix. The neurons in
the reservoir are randomly sparsely loop connected,
and the structure of ESN is given in Fig. 1.

L) }

Reservoir

Input Layer Output Layer

Fig. 1. Structure of a typical ESN

Assuming that ESN with K input neurons, N
reservoir neurons, and L output neurons, then at
time n, the input u(n), the state of the reservoir z(n)
and the output y(n) are shown in the below equa-
tions.

u(n) = [u1(n), uz(n), ..., ux (n)]" 1)
z(n) = [21(n), 22(n), .. o ()] @)
y(n) = [y1(n), y2(n), ..., yr(n)]" ®)

Then at time (n + 1), the ESN reservoir state can be
updated by Eq. (4) and the output equation is rep-
resented as Eq. (5) :

2(n+1) = W u(n+1) + Wan)) @)

y(n+1) = f (W™ a(n+1)) ©)

where W™ and W represent the weight matrix of
the input layer and the reservoir, respectively. W%
is the weight matrix of the output layer. f and fo*
are the activation functions of the reservoir and the
output layer, respectively. In general, the activation
function f of the reservoir is a nonlinear function,
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such as tanh or sigmoid. In this paper, we adopt the
tanh as the activation function for the reservoir. f°“
generally selects the identity function, so the Eq. (5)
can be rephrased as Eq. (6).

y(n+1) = W z(n +1) (6)

After ESN initialization, only the weights from
reservoir to output layer need to be trained by data,
while the weights from input layer to reservoir and
the weights in the reservoir remain unchanged dur-
ing the training process. Therefore, the process of
solving W°" is actually a linear regression process
according to Eq. (6). When W°“! is solved, the pre-
dicted value is output according to Eq. (4) and (6).

The performance of the ESN would be better
when the reservoir neurons adopt the leaky integra-
tor neurons 3. In this paper, reservoir neurons with
leaky integrator are used, and the state of reservoir
can be updated by Eq. (7),

z(n+1) = (1 —a)z(n) +af(W"u(n+ 1) + Wx(n))

)
where a is the leaking rate, it can be regarded as the
speed of the reservoir update dynamics discretized
in time.

With the purpose of eliminating the impact
of the primary state of the reservoir on the net-
work, the previous () samples were discarded. @
is the number of discarded samples in the training
set. Starting from () + 1 sample, the correspond-
ing internal state matrix M was collected, and the
pseudo-inverse method or ridge regression method
was used to solve W°*!. Ridge regression method is
adopted in this paper, Y**"9¢ is the target output, M
is the internal state matrix of ESN, and the solution
formulas are shown as follows:

Ytarget — WoutM (8)

Wout — YtargetMT(MMT + AI)fl (9)

where ) is the regularization coefficient in the ridge
regression, and I is the unit matrix. When W°** is
trained, the new data will be input into the ESN. Af-
ter calculation, ESN output the corresponding pre-
dicted data.

The core of ESN is the dynamic reservoir, and
the performance of the reservoir depends on certain
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parameters, namely size of reservoir IV, spectral ra-
dius p, sparsity of the reservoir SR, and input scal-
ing IS. For the reservoir with leaky integrator neu-
rons, the leaking rate a also affect ESN performance.
Some brief descriptions of these parameters are in-
troduced below:

1) Size of Reservoir (N): 1t is the size of neurons
in the reservoir. A large number of neurons map the
input data to the high-dimensional space, and non-
linear fit the expected output.

2) Spectral Radius (p): The spectral radius is the
maximum value of the eigenvalue absolute value of
the reservoir weight matrix W. ESN exhibits echo
state property as long as the p is at the range of [0, 1].

3) Sparsity of the Reservoir (SR): The reservoir
sparsity is the ratio of interconnected neurons to the
total number of neurons in the reservoir.

4) Input Scaling (IS): The scaling factor is
to scale the input data prior to injection into the
reservoir. For Wi with different distributions, we
should adopt different 1., it usually in the range of
[0,1].

5) Leaking Rate (a): The leaking rate (a) of the
leaking neurons in the reservoir can be viewed as
the velocity of the reservoir update. The smaller the
a, the less dynamic the reservoir becomes, which
could improve the short-term memory of the ESN.

2.2. Particle Swarm Optimization

PSO is a global stochastic search algorithm 6 based
on swarm intelligence proposed by Kennedy and

Eberhart 39, which is simulates the migration and
clustering behaviors of birds in the foraging process
and has been successfully applied in a number of

cases 2% 25 For a population of ps particles, each
particle in the search space has a position (z;) and a
velocity (v;). The velocity of the particle is updated
according to its historical optimal position (Pbest)
and the historical optimal position of the population
(Gbest). In the iterative process, the velocity and po-
sition of the particle are constantly adjusted until
the preset conditions are satisfied. The update for-
mula of the d-dimensional of the i-th particleat ¢ +1
iteration are as follows:

vz';l = vf7d—|—c1 *71 *(Pbesti7d—x§,d)+02*r2*(Gbestd—x§7d)
(10)
t+1 _ ot t+1
Tiqg =Tigt Vg (1)
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where ¢; and ¢, are acceleration constants, with c; is
the self-learning factor and c; is the group learning
factor for each particle. And r; and r;y are two ran-
dom numbers distributed over [0, 1], d is the dimen-
sion of particles, ¢ is the number of iterations and
i denotes the current particle. The main framework
of PSO is shown in the Fig. 2.

Input: Population size ps; number of fitness evaluations n fe; current
number of fitness evaluation cfe;
Output: Position of the approximate global optima Gbest;

1: Randomly initialize ps particles, including position X; (0) and veloc-
ity Vi (0);

2: Evaluate the population and set Pbest and Gbest;

3: while cfe < nfedo

4: fori=1topsdo

5:  Update the velocity by Eq. (10);

6:  Update the position by Eq. (11);

7. Calculate its fitness value of particle i : f(X;);

8 if X; is better than Pbest then

Pbest = X;;
10: if X; is better than G'best then
11: Gbest = X;;
12: end if
13:  endif
14: i=i+1;
15: end for

16: cfe =cfe+1;
17: end while
18: return Gbest

Fig. 2. Pseudo code of the PSO

3. SaPSO-ESN for Parameter Optimization

ESN is characterized by simple training and low
computational complexity. However, the setting of
reservoir parameters will directly affect the per-
formance of ESN. Manual adjustment of parame-
ters is both time-consuming and does not guaran-
tee that the selected parameters are optimal. Adap-
tive mechanism has been successfully applied in the
field of neural network /2 73, Therefore, in this sec-
tion, we come up with a SaPSO-ESN model for time
series prediction, in which an ensemble of PSO is
adopted to optimize parameters of ESN. Our goal
is to reduce the gap between the target value and
the predicted value. Different from traditional PSO,
five strategies are adopted to form the strategy can-
didate pool, which can further enhance the ability
of the model to adapt to different problems.

The use of adaptively coordinated multiple
search operators/algorithms is a popular strategy in
metaheuristic optimization and machine learning.

This idea is present in frameworks such as hyper-

9 44

heuristics 7, memetic algorithms **, ensemble al-
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gorithms 80; 4; 63 Ensemble algorithms have been

successfully implemented in multiple and diverse

fields such as traffic speed forecasting 7

69

, rust diag-
nosis of steel structures °7, and indoor environmen-
tal quality 31,

When multiple algorithms are present in a
framework, a coordination scheme is necessary. To
ensure that the coordination is performed automat-
ically at run time, a popular approach is the em-
ployment of a self-adaptation logic. In literature
many examples are present in both optimization

2:3;43; 42 and machine learning 62;10: 77

3.1. Five PSO Implementation Strategies

There are many different PSO strategies in related
research, and the general structure of these differ-
ent strategies is similar. They use different formu-
las and record the experience information to gen-
erate new populations. By examining the study of
PSO strategies in the existing literature 72 65 we
selected the following five strategies for our algo-
rithm, which have been proved to have good perfor-
mance in the corresponding literature. Five strate-
gies are described as follows.

3.1.1.

The original PSO strategies use the position of Pbest
and Gbest to update the velocity and position of the
particle. In order to enhance the local search capabil-

PSO with inertia weight

ity of the PSO, literature 54 proposed a PSO strategy
with inertial weight (PSO-w), where w is the inertial
weight, usually taking values between 0 and 1. The
updating equation is as follows:

vle = w*vf7d+m1 *(Pbestivdfxid)erg *(Gbestdfx;d)
(12)

where m; represents c; * r1, mg represents cs * ra.

3.1.2. PSO with differential idea

Wang et al. 65 proposed an update PSO strategy
based on the differential idea (PSO-d). Differen-
tial evolution (DE) algorithm is also an efficient
global optimization algorithm. PSO-d avoids grad-
ual changes in velocity, but completely updates the
velocity based on differential information. The up-
dating equations are described as follows:

il = ex (24,4 — xh.) + e (Phestia —af ) (13)
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(14)

where ! ; and zj ; are two random particles in the
t-th generation population. N(0.5,0.2) represents a
random number that satisfies a Gaussian distribu-
tion.

c=N(0.5,0.2)

3.1.3. Local estimation of distribution

In order to make better performance for PSO, Wang
et al. % introduced a PSO strategy with Gaussian
and Cauchy distributions (PSO-1). The equations are
expressed as follows:
(D —1)N(0,1)  C(0,1)
D 7D

C =

z= \/(Pb“ti,d —mg g)? + (@ g = mi ) + (2], g —mf 0)?

t+1
Yid

s

= (mg,d - ’If,d) + Y (17)

V3
where N(0, 1) and C(0, 1) are values generated ran-
domly from the Gaussian and Cauchy distributions,
xj, 4 is a random particle choose from the popula-
tion, and m; , is the average of the best 20% of par-
ticles in the population.

3.1.4. Comprehensive learning PSO

Liang et al. 35 proposed a deformation of the PSO,
called comprehensive learning particle swarm op-
timizer (CLPSO). Unlike the traditional PSO algo-
rithms that only use the own Pbest and Gbest of the
particle as directions to guide the flight of the parti-
cle, the Pbests of all particles in the proposed algo-
rithm can potentially be the guiding direction of the
particles. The equation is expressed as follows:

t41

Yid

= wxvj g+ cxrand; g x (Pbesty, gy — x5 4) (18)
where Pbesty, 4y can be the value of Pbest for any

particle.

3.1.5. An improved CLPSO

Wang et al. 65 improved CLPSO, and an algorithm
called PSO-CL-pbest was proposed. The equations
are expressed as follows:

v/[fj}l = w 7)§’d + g (Pbesty, gy — T;d + Pbest; g — ﬁd)

(19)
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(20)

q = 0.5 x ¢ x rand;

where rand; represents an identical random num-

ber for update the velocity vector. That is to say, for
each dimension of the particle, the same random
number rand; is used to update the velocity.

These strategies have different advantages, and
the important parameters setting for the five PSO
strategies POS-w, PSO-d, PSO-1, CLPSO and PSO-
CL-pbest are shown in the Table 1.

Table 1. Parameters settings for the five PSO strategies
Algorithm Parameters Setting

PSO-w w=0.9— 22 o) = ¢y = 1.49618

PSO-d ¢ =N(0.5,0.2)

PSO1 ¢ = RZUNEY | COL)

0.5

CLPSO w=0.9 - 22l = 1.49445

PSO-CL-pbest w=0.9— 22l = 1.49445

3.2. Strategies Self-adaptive Mechanism

In traditional PSO algorithms, there is only one evo-
lutionary strategy, meaning that the same strategy
is used for the whole population. However, in prac-
tical application, different problems have different
characteristics, which leads to poor generalization
of using only one strategy. In this paper, an adap-
tive method is used to select strategies in the strat-
egy candidate pool during the population evolution
process.

Assuming that the number of strategies in the
candidate pool is P, at the beginning of the al-
gorithm, the probability of each strategy being se-
lected in the strategy candidate pool is the same,
which is 1/P, the initialized strategy probability
matrix (Pro) is shown in the Eq. (21).

Pro=(1/P,1/P,....,1/P)1.p (21)

We set a probability update parameter called LP,
which means that the probability matrix Pro is up-
dated once after evolution of LP generations. Ac-
cording to the relevant theoretical analysis and ex-
perimental results, LP is set to 5 in this paper. Sup-
pose the j-th strategy is selected for the i-th particle
(x;), if the newly generated particle (z]'“*) is better
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than the z;, the evolution of x; with the j-th strat-
egy is successful. If the x}'“* is worse than the x;,
the particle is failed to evolve into the next genera-
tion. Inthe LP generations, the number of particles
which successfully evolved into the next generation
through the m-th strategy is denoted as IV.S,,, and
the number of particles which failed to evolve into
the next generation is denoted as N F},,. After LP it-
erations, the probability of the m-th strategy .S, is
updated as follows:

B NS,
NS, + NF,

To avoid zero probability for the strategy, we
set a very small number € = 0.001, so that we can
avoid the situation where S = 0. In order to ensure
that the sum of the probabilities of all strategies be-
ing selected in the strategy pool is 1, we need to nor-
malize all the S obtained, so as to obtain the proba-
bility of the selection of the m-th strategy. The final
probability of the m-th strategy is shown in the Eq.
(23).

S te (22)

—_ Sm
Zil Si
According to probability matrices Pro after LP

(23)

m

generation, the roulette wheel method 16 is used to
select the strategy for particles in population.

3.3. Optimized Parameters

There are some parameters in ESN that impinge
on the network performance. The performance of
the ESN would be better when the reservoir neu-
rons adopt the leaky integrator neurons 37 The pa-
rameter of leaky integrator neurons is added to the
adaptive mechanism. The method in this paper op-
timizes five parameters, which are size of reservoir
(N), spectral radius (p), sparsity of the reservoir
(SR), input scaling (/5), and leaking rate (a). These
parameters are treated as a particle with five dimen-
sions. The particles of the candidate solution can be

expressed as Eq. (24) :
x; =[N, p, SR, IS, a] (24)

where i = 1,2,..., ps.

3.4. The Framework of SaPSO-ESN

In this paper, the proposed SaPSO-ESN algorithm,
which integrates five pso strategies to search the pa-
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rameters of ESN, is used to practice sequence pre-
diction research, and the pseudo code of SaPSO-
ESN is shown in the Fig. 3.

Input: Population size ps; number of fitness evaluations n fe; current
number of fitness evaluation (cfe = 0); LP; strategy probability ma-
trix Pro;

Output: Gbest;

1: Initial N, p, SR, IS, a, and population (z1, T2, ..., Tps)
2: while cfe < nfedo

3: fori=1topsdo

4:  Select the PSO strategy mn based on the Pro;

5:  Generate new velocity (v]"“")

6:  Create an ESN following =" “";
7.
8
9

and update positions (] “*);

Evaluate the fitness value f(x'“") in ESN;
if z"°" is better than z; then
. NSp = NSm + 1;
10: if 2]°" is better than Pbest; then

11: Pbest; = x'°";
12: if 2]°" is better than Gbest then
13: Gbest = x°";
14: end if

15: end if

16:  else

17: NFp, = NFp +1;
18: endif

190 i=i+1;

20: v, = vPe;

21: z; = x e

22: cfe=cfe+1;

23: end for

24:  if Iterative L P generation then

25: Update Pro based on Eq. (22) and (23);
26: end if

27: end while

28: return Gbest

Fig.3. Pseudo code of the SaPSO-ESN

Firstly, the ESN is encoded into a particle and
each particle contains five dimensions, which are
[N, p, SR, IS, a]. Then initializing the population,
and the position (z) and velocity (v) of the pop-
ulation in PSO are randomly initialized. The z is
in the interval [Zpin, Tmaz] and v is in the inter-
val [~Vmaz, Umas|. Before the stop condition is satis-
fied, a selected strategy is returned to each particle
in the population according to the strategy proba-
bility matrix Pro and roulette wheel method dur-
ing the iteration process. According to the selected
strategy, population evolve into the next genera-
tion. Then create ESNs following the particles in the
evolved population, and each individual in popu-
lation is evaluated and the corresponding fitness
value is calculated according to the evaluation cri-
terion. Update the particle of PSO and the records
of the success and failure of the evolutionary pro-
cess (NS, and NF,,) according to the fitness val-
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ues. The strategy selection matrix Pro is updated
when the LP generations of particles evolve follow-
ing NS, and N F,,. Finally, output the optimal in-
dividual Gbest and the corresponding results. This
output Gbest is the individual that records the opti-
mal ESN searched for. The flowchart of SaPSO-ESN
is shown in the Fig. 4.

Initialization

‘ Evaluate the particle f(x) ‘

Return Gbhest

Fig. 4. Flowchart of SaPSO-ESN

4. Experiment

In this section, we evaluate SaPSO-ESN in the
benchmark chaotic time series and an ECG datasets.
To test the effectiveness of the proposed method in
this paper, we select some relevant algorithms for
comparison, such as canonical ESN, PSO and DE.
In order to demonstrate the effectiveness of the pro-
posed self-adaptive mechanism, we add the com-
parison results between SaPSO-ESN and the algo-
rithm where five PSO strategies are selected ran-
domly (named RPSO-ESN) in the evolution pro-
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cess. Moreover, SaPSO-ESN is also compared with
MTLBO 39 proposed in recent years.

For the traditional ESN, we initialize 30 ESN
networks randomly to take the average value as a
comparison. To guarantee a fair comparison, we set
the number of function evaluations (NFE) as the
stopping criterion for every algorithm. In this pa-
per, we set the population size to 100, the number of
iterations is 100, which means the NFE is 10000. The
reservoir size N is set to [20, 100], spectral radius p
is set to [0.1, 1], sparsity of the reservoir SR is set
to [0.01,0.5], input scaling IS is set to [0.001, 1], and
leaking rate a is set to [0.1,1]. In order to eliminate
randomness, our experiment is repeated 30 times to
take the average.

4.1. Performance Evaluation Index

In this paper, we use RMSE to evaluate the perfor-
mance of the algorithm. The related formula is ex-
pressed in Eq. (25).

RMSE =

SRS

D (yreroet(t) —y(1)2 (25)

where y'*"9¢!(t) and y(t) represent target values and
network output values at time ¢, respectively. n rep-
resents the size of sample points in the test set.

4.2. Mackey-Glass Time Series

Mackey-Glass chaotic system (MGS) 40 js a kind of
typical chaotic system, and the model is described
by the following equation:

ay(t — )

dy(t)
aw " iryion W
where the value of q, b, c are set to 0.2, 0.1, and 10
in many cases. MGS exhibits some sort of period-
icity (t < 16.8) and chaos (7 > 16.8) depends on
the value of 7. The most used 7 in the literature are
7= 17and 7 = 30.
In the experimental results of the MGS, we set
7 = 17 and 7 = 30, in other words, the MGS exhibits
chaotic characteristics at these situations. We use the
Eq. (26) to activate 1000 sample points, of which 500
samples are used as the training set of ESN and 500
samples make up the test set. A graph of MGS with
T = 17 is given in Fig. 5, and 7 = 30 is given in Fig.
6. To offset the effect of the initial state reservoir on

(26)
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the results, we discarded the first 50 input data to
clean the reservoir.
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Fig. 5. Mackey-Glass time series (7 = 17)
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Fig. 6. Mackey-Glass time series (7 = 30)

Fig. 7 and Fig. 8 show the gap between the tar-
get signal and the network outputs signal in MGS
time series. As the data is small, it can be seen from
the figure that the predicted value is close to the tar-
get value. Table 2 gives the best parameters of ESN
selected by SaPSO-ESN for the MGS time series. Ta-
ble 3 presents the prediction results of MGS time se-
ries in different algorithms, with the evaluation cri-
terion RMSE. It can be seen from the table 3 that the
RMSE of the three methods is smaller than that of
the traditional ESN, and the RMSE of our proposed
method is the smallest. The RMSE of SaPSO-ESN is
smaller than that of RPSO-ESN in the MGS, proving
that our adaptive mechanism is effective. DE-ESN
performs better than PSO-ESN, and MTLBO-ESN
performs almost the same as DE-ESN. The RMSE of
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MGS-17 is less than MGS-30, which indicates that

the prediction task is more difficult for MGS-30.

Table 2. Parameters of ESN selected by SaPSO-ESN on

MGS
Parameters T=17 7 =230
Size of reservoir 97 84
Spectral radius 0.9912 0.8132
Sparsity of reservoir 0.2828 0.3602
Input scaling 0.6343 0.3213
Leaking rate 0.9913 0.9999

Table 3. The prediction results on MGS (RMSE)

Method T=17 =230
Traditional ESN 6.72e-04 2.05e-03
PSO-ESN 8.26e-05 2.27e-04
DE-ESN 6.84e-05 2.11e-04
MTLBO-ESN 6.88e-05 2.15e-04
RPSO-ESN 6.18e-05 1.99¢-04
SaPSO-ESN 5.94e-05 1.92e-04
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Fig. 7. The target signals VS SaPSO-ESN generated sig-
nals (Mackey-Glass time series with 7 = 17)

Fig. 9 and 10 are the fitness curves of differ-
ent models. Compared with the single strategy PSO
algorithm PSO-ESN, in Fig. 9, SaPSO-ESN has a
slower convergence speed but better prediction re-
sult. In Fig. 10, the results are slightly different.
As 5aPSO-ESN not only has the same convergence
speed as PSO-ESN, but also has the least predic-
tion accuracy. MTLBO-ESN converges fastest as is
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s« shown in Fig. 10. In other words, for more complex
sos tasks, SaPSO-ESN may have better performance.
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Fig. 8. The target signals VS SaPSO-ESN generated sig-
nals (Mackey-Glass time series with 7 = 30)
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4.3. ECG Datasets

The human body is a mixed whole containing a
large number of linear and nonlinear systems, and
the heart is one of the most complex nonlinear sys-
tems. Many studies have shown that the physiology
of the heart is neither periodic nor completely ran-
dom, but chaotic. ECG signals are composed of a se-
ries of characteristic waves, which contain a wealth
of pathological knowledge. ECG signals can be used
to detect arrhythmias, myocardial infarction, abnor-
mal heart rate, electrolyte disturbance, heart failure
and other conditions. If we can predict the move-
ment trend of ECG, we can predict the disease in
advance and achieve early intervention treatment,
and avoid many tragedies. With the proliferation of
wearable devices, ECG signals have become easier
to gather, so this gives us a lot of space for future
research.

The ECG datasets used in this paper is collected
by a hospital sleep monitoring center, with a total of
10 channels of data, and ECG signals are also col-
lected. The sampling rate is 512 Hz, which means
that there are 512 sample points in one second. The
ECG signal is shown in Fig. 11 with 1000 sample
points, 500 samples for training, 500 samples for
testing, and 50 samples for washing the reservoir.
In order to eliminate the randomness, we repeat the
test 30 times, and then take the average value as the
test result. Table 4 gives the best parameters of ESN
selected by SaPSO-ESN for the ECG datasets. Table
5 gives the one-step prediction results of different
models on ECG datasets. So the model proposed in
this paper is better than other models of comparison
in RMSE.

Table 4. The best parameters of ESN se-
lected by SaPSO-ESN on ECG datasets

Parameters Value
Size of reservoir 76
Spectral radius 0.6129
Sparsity of reservoir 0.2509
Input scaling 0.8290
Leaking rate 0.8669
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Table 5. The prediction results on ECG

datasets
Method RMSE
Traditional ESN 5.85e-03
PSO-ESN 3.30e-03
DE-ESN 3.20e-03
MTLBO-ESN 3.29e-03
RPSO-ESN 2.91e-03
SaPSO-ESN 2.84e-03
0.4 T
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ol I\ ;‘ [ h,
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-0.4 : : . :
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Fig.11. 1000 samples of ECG datasets

Fig. 12 shows the predictive curve of SaPSO-
ESN to EEG datasets, and Fig. 13 shows the error
curves of different algorithms. In order to make the
contrast more obvious, we enlarge the key parts in
Fig. 12. As can be seen in the figure, the prediction
effect will get worse when it is at the boundary point
of the curve. As is shown in Fig. 12, SaPSO-ESN in
this paper can fit ECG data well. Moreover, from
Fig. 13, all the three algorithms converged before
50 generations. The convergence speed of SaPSO-
ESN is the fastest, about 17 generations, while that
of DE-ESN is the slowest, about 30 generations, and
that of PSO-ESN is between the two method, about
25 generations. Although the convergence speed of
PSO-ESN is faster than that of DE-ESN, the predic-
tion performance is not as good as that of DE-ESN.
It also shows that the SaPSO-ESN proposed by us
has better convergence speed and prediction perfor-
mance in complex real applications.
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Fig. 12. The prediction curve of SaPSO-ESN on ECG
datasets
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Fig. 13. Fitness curves of different models on ECG
datasets

5. Conclusion

In this paper, we use an adaptive PSO-based algo-
rithm to dynamically adjust the parameters of ESN
for different time series prediction application, so
as to improve the prediction accuracy and enhance
the generalization. There are two main improve-
ments in our algorithm. One is that we adopt the
leaky integrator neurons with adaptive parameters
in the ESN, and the leaking rate changes accord-
ing to the training process. The other is the adap-
tive PSO strategy. Experimental results on Mackey-
Glass time series and ECG signals show that the
proposed algorithm has considerable improvement
and has a fast convergence rate. For future work,
we intend to mix different evolutionary computing
methods on the basis of adaptive frameworks, not
just PSO. This work can also be used in the pre-
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diction of electroencephalogram and electromyog-
raphy, which play an key role in the prevention of
diseases and reducing the labor intensity of medical
workers.
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