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Due to the error in the measured value of the initial state and the sensitive dependence on initial conditions of

chaotic dynamical systems, the error of chaotic time series prediction increases with the prediction step. This paper

provides a method to improve the prediction precision by adjusting the predicted value in the course of iteration

according to the evolution information of small intervals on the left and right sides of the predicted value. The adjusted

predicted result is a non-trajectory which can provide a better prediction performance than the usual result based on

the trajectory. Numerical simulations of two typical chaotic maps demonstrate its effectiveness. When the prediction

step gets relatively larger, the effect is more pronounced.
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1. Introduction

The existence of chaos has been demonstrated
in many different kinds of physical systems and
phenomena. Some typical ones are, for example,
the ocean-atmosphere system,[1] the solar system,[2,3]

earthquakes[4] and the like. Meteorologists research
chaotic phenomena related to the weather with the
hope of forecasting weather more accurately, espe-
cially for some weather disasters such as hurricanes,
floods and droughts. Astronomers study chaotic mo-
tion in the solar system aiming to predict the motion
of bodies and investigate the stability and longevity
of planetary systems. Seismologists use chaotic the-
ory to help them understand the formation of earth-
quakes and improve the prediction of it. Because of
the extensive existence of chaos in nature, the predic-
tion of chaotic time series plays an important role in
the scientific studies of related fields.

To predict chaotic time series, we first need to
build a model and then take the noisy measured val-
ues as initial conditions of the model for iteration. The
central problem of the first step is how to build the
model appropriately. This is an active research area all
the time[5−9] and many different methods have been
developed for this purpose. Some representative meth-
ods are various types of neural networks, such as mul-
tilayer perceptions,[10−13] radial basis function neural
networks[14−22] and recurrent neural networks,[23−26]

support vector machines,[27−32] local prediction[33−37]

and polynomial models.[38,39] There is relatively less
research about the second step. Usually, some noise
reduction methods are firstly applied to the measured
values in order to reduce the influence of noises.[39−42]

Then the processed values are iterated with the built
model to make multi-step-ahead predictions. Due
to the sensitive dependence on initial conditions for
chaotic dynamical systems, the prediction error in-
creases with the prediction step. In recent years, some
researchers have devoted themselves to the improve-
ment of prediction effectiveness by adjusting the pre-
dicted values appropriately in the course of iteration.
Strelioff and Hübler[43] suggested a method to extend
prediction to chaotic systems with fold dynamics by
using probability density function dynamics. Their
critical idea is to recognize cases when the probability
density near the critical point is sufficient to create
a new peak first, and then to use the image of the
critical point to replace the image of the current most
probable state as the most likely point for the next
step. This method can improve the prediction effec-
tiveness of the most likely trajectory. Danforth and
Yorke[44] studied the case when an ensemble of ini-
tial conditions is used in the course of iteration for
specifying the probability associated with each possi-
ble outcome. They showed how to inflate or system-
atically perturb the ensemble of solutions so that the
effectiveness of the forecast can be improved. While
they considered the problem of improving the statisti-
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cally predicted results during the iterative procedure,
we mainly discuss how to improve an exact trajectory
prediction during the iterative process. Usually, a tra-
jectory (we will give its definition later) of the model
built is used as the predicted result of a true trajec-
tory, but in the method we propose, a non-trajectory
is used as the predicted result for improving the pre-
diction effectiveness. In order to concentrate on the
course of iteration, we assume that the perfect model
which produces the chaotic time series is available.
This means that the model has been well built and
can be used for iteration. Therefore, this paper will
discuss mainly the following problem: when the per-
fect model is available, the noises in measured values
will lead to the degradation of prediction precision as
the prediction step increases. We will give an alterna-
tive approach to improve the precision of chaotic time
series prediction for this case.

This paper is organised as follows. In Section 2,
we give a one-dimensional mathematical model which
we use to explain our method. Then a probabilistic
model of initial conditions is introduced as a mathe-
matical description of measurement. In Section 3, we
explain why the prediction precision degrades with the
increase of the prediction step and this directly moti-
vates our proposed method. Then in Sections 4 and
5, the proposed method is specified and numerical ex-
periments of two typical one-dimensional chaotic maps
are reported to show its effectiveness. Finally, a short
conclusion is drawn in Section 6.

2. A model of a one-dimensional

chaotic map and a mathemati-

cal description of measurement

We use the following one-dimensional map to
specify our idea

xk+1 = f (xk) , (1)

whose domain is a closed interval [xmin, xmax]. For our
method, we require that f should have a continuous
derivative in its domain.

Measurement is the precondition of prediction.
We assume that the measured values have a normal
distribution N

(
x̄0, σ

2
)
, where x̄0 represents the true

initial value and σ2 is a small variance reflecting the
non-systematic noises in the measurement. Since a
single measured value is not reliable enough for the ex-
istence of noises, we carry out measurements N times

for x̄0, and then take the mean of all the measured
values as the estimated value which will be substi-
tuted into Eq.(1) for prediction by iteration. Since σ2

is small, we can regard the true value and the esti-
mated value of the initial state as two neighbors in
the domain of Eq.(1).

For the convenience of the following description,
we define a trajectory of Eq.(1) as {x0, x1, x2, . . .},
where each pair of adjacent points xk and xk+1 satis-
fies Eq.(1).

3. An explanation of the degrada-

tion of prediction precision

We have already mentioned that the prediction
precision degrades as the prediction step increases.
This is due to the effect of the positive Lyapunov ex-
ponent. The Lyapunov exponent is a very important
parameter of a dynamical system which describes the
rate of divergence or convergence of nearby trajecto-
ries. A dynamical system with a positive Lyapunov
exponent has the property of sensitive dependence on
initial conditions, which means that no matter how
close two initial states are, the two trajectories start-
ing from them will diverge exponentially fast from
each other. Since the true value and the estimated
value of an initial state are regarded as two neighbors
in the domain, the trajectories starting from them will
diverge from each other. This is the reason why the
prediction precision degrades as the prediction step
increases.

For specifying our critical idea, we continue to
consider how nearby trajectories starting from two
neighbors in the domain of Eq.(1) diverge from each
other. This problem refers to images of two neigh-
bors under Eq.(1). Instead of only considering images
of two neighbors, we consider the image of a small
closed interval [a0, b0] whose length is δ0 = b0 − a0,
which is a small positive value. According to the
intermediate value theorem and the maximum value
theorem,[45] it is easy to prove that the image of a
closed interval under a continuous map is still a closed
interval. So we can use [a1, b1] to denote f ([a0, b0]),
where a1 = min f ([a0, b0]) and b1 = max f ([a0, b0]).
Let δ1 = b1 − a1 be the length of the image. Then,
when f is a monotonic function in [a0, b0], it is obvious
that the following relation

|f ′ (x)| ≈ δ1/δ0 (2)
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is satisfied for any x that belongs to [a0, b0] since f

has a continuous derivative and δ0 is small. In this
instance, if δ1/δ0 > 1, the effect of f is expansion.
Otherwise, for δ1/δ0 < 1, the effect of f is contrac-
tion. When f is not a monotonic function in [a0, b0],
the effect is to fold. For this case, relation (2) is not
satisfied and we deal with this case differently from the
monotonic case in our method. We will specify this
later. The two trajectories starting from two neigh-
bors diverge from each other due to the expansion ef-
fect of map f . Although the contraction effect makes
two points closer, the positive Lyapunov exponent of
map f determines that the expansion effect predomi-
nates over the contraction effect. Because of this, the
true value and the estimated value, as neighbors in
the domain, will finally move apart under iteration.

4. Using a non-trajectory to im-

prove the prediction precision

The above-mentioned cause of degradation of pre-
diction precision directly motivates the method we
proposed. In fact, the critical idea of this method
is to adjust the predicted value when it diverges from
the true value to a certain extent under iteration. The
adjustment makes the predicted value move closer to
the true value so that the prediction precision can be
improved. After the adjustment, since the predicted
result no longer satisfies the definition of the trajec-
tory (that is to say, the predicted values at time k and
k+1 may not satisfy Eq.(1)), it is a non-trajectory. In
the following paragraphs, we expound how to adjust
the predicted value properly in detail.

Suppose the current time is k. Besides mak-
ing a prediction by applying f to the current pre-
dicted value xk only, we also apply f to small inter-
vals Ik,L = [xk − db

k,L, xk] and Ik,R = [xk, xk + db
k,R]

on the left and right sides of xk respectively, where
db

k,L and db
k,R are small positive numbers denoting the

lengths of intervals at time k before iteration. The
subscripts L and R mean left and right, respectively,
and the superscript b means before iteration. Usually,
we choose db

k,L = db
k,R = d as long as Ik,L and Ik,R

are in the domain [xmin, xmax] of f , where d is a small
positive number. Otherwise let db

k,L = xk − xmin and
db

k,R = xmax − xk. The purpose of obtaining db
k,L and

db
k,R in this way is to ensure that the intervals Ik,L and

Ik,R are in the domain [xmin, xmax] of f . Applying f

to Ik,L and Ik,R, we obtain f (Ik,L) and f (Ik,R). Let

da
k,L and da

k,R be their lengths respectively, where the
superscript a means after iteration.

Suppose that the true value x̄k and the predicted
value xk at time k are neighbors in the domain and
then we have x̄k ∈ Ik,L or x̄k ∈ Ik,R. For the con-
venience of specification, we only discuss the first sit-
uation x̄k ∈ Ik,L and the discussion for the second
one is quite similar. If f is monotonically increasing
in Ik,L, then x̄k+1 ≤ xk+1, where x̄k+1 = f (x̄k) and
xk+1 = f (xk) denote, respectively, the true value and
the predicted one at time k+1. Usually, strict equality
is rare, so we can deem x̄k+1 < xk+1. If f is mono-
tonically decreasing in Ik,L, then x̄k+1 > xk+1. If f

does not change monotonically, the fold phenomenon
we have mentioned before occurs. For this case, since
we cannot judge which one of x̄k+1 and xk+1 is bigger,
we use the following value to replace xk+1:

x̃k+1 = min f (Ik,L) . (3)

Because x̄k ∈ Ik,L, we have x̄k+1 ∈ f (Ik,L). So we
can judge x̄k+1 > x̃k+1. After obtaining the order re-
lation of x̄k+1 and xk+1, the relation between x̄k+2 and
xk+2 can be judged by the same method. Through the
above method, we can judge the order relation of true
values and prediction values at time k + 1, k + 2, . . . ,

if the order relation at time k has been known.
From the above analysis, we see that the true and

predicted trajectories diverge gradually. Hereinafter,
we will quantitatively analyze this separation process.
Suppose the current time is k and the true value is x̄k.
Then the true value at time k + n is x̄k+n = fn (x̄k),
where fn is the composition of f with itself n times.
According to the chain rule of differentiation, we have

dfn (x)
dx

∣∣∣∣
x=x̄k

=
n−1∏

i=0

f ′ (x̄k+i), (4)

where x̄k+i = f i (x̄k) , i = 0, 1, 2, . . . , n − 1. Here,
f0 (x̄k) = x̄k. Since x̄k and xk are neighbors, the fol-
lowing relation is satisfied:

∣∣∣∣∣
dfn (x)

dx

∣∣∣∣
x=x̄k

∣∣∣∣∣ ≈
∣∣∣∣
fn (x̄k)− fn (xk)

x̄k − xk

∣∣∣∣

=
∣∣∣∣
x̄k+n − xk+n

x̄k − xk

∣∣∣∣ . (5)

If there is no fold phenomenon during the course of it-
eration of intervals at time k+i (i = 0, 1, 2, . . . , n− 1),
according to Eq.(2), we have

|f ′ (x̄k+i)| ≈
da

k+i,Ck+i

db
k+i,Ck+i

, i = 0, 1, 2, . . . , n− 1, (6)
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where the subscript Ck+i can take either L or R in
terms of x̄k+i ∈ Ik+i,L or x̄k+i ∈ Ik+i,R which can be
determined by the previous method.

Substitute Eqs.(5) and (6) into the left and right
sides of Eq.(4) respectively to yield

∣∣∣∣
x̄k+n − xk+n

x̄k − xk

∣∣∣∣ ≈
n−1∏

i=0

da
k+i,Ck+i

db
k+i,Ck+i

. (7)

Let rk,k+n−1 =
n−1∏
i=0

da
k+i,Ck+i

db
k+i,Ck+i

. It denotes the total ex-

pansion/contraction ratio from time k to k + n − 1.
Then we have

x̄k+n ≈ xk+n ± rk,k+n−1 |x̄k − xk| . (8)

On the right-hand side of Eq.(8), xk+n (the pre-
dicted value at time k + n) and rk,k+n−1 can be ob-
tained through computation. |x̄k − xk| is the absolute

value of prediction error at time k and it cannot be
obtained during the course of prediction because the
true value x̄k is not known, but we can make a rough
estimate of it. On the left-hand side of Eq.(8), x̄k+n

is the true value we intend to predict. According to
Eqs.(3) and (8), we propose the following method for
improving the prediction precision: when the fold phe-
nomenon occurs at k+n−1, xk+n should be adjusted
according to Eq.(3); when no fold phenomenon is ob-
served from time k to k+n−1, since rk,k+n−1 reflects
the total expansion/contraction extent during this pe-
riod of time, we choose a critical value λ and propose
that if rk,k+n−1 ≤ λ, we make no adjustment to xk+n.
Otherwise, as long as rk,k+n−1 > λ (that is to say, the
expansion reaches a certain extent), xk+n should be
adjusted according to Eq.(8). That is to say, xk+n is
adjusted as follows:

x̃k+n =





min f
(
Ik+n−1,Ck+n−1

)
, if A,

xk+n, if B and rk,k+n−1 ≤ λ,

xk+n ± rk,k+n−1∆k, if B and rk,k+n−1 > λ,

, (9)

where the symbol A denotes the fact that the fold
phenomenon occurs at time k + n − 1; the symbol
B denotes the fact that no fold phenomenon occurs
from time k to k + n − 1; the subscript Ck+n−1 has
the same meaning as in Eq.(6) and ∆k denotes an es-
timate of |x̄k − xk|. Usually, ∆k is chosen as a small
positive number. The sign ± in Eq.(9) is chosen as
follows: if x̄k+n > xk+n, then the plus sign is taken;
if x̄k+n < xk+n, then the minus sign is taken. Here
the order relation of x̄k+n and xk+n can be obtained
by the previous method. After making an adjustment
according to the first or third equation in Eq.(9), the
starting time point of computing the ratio rp,q should
be reset to p = k + n. The reason is as follows. If
an adjustment is made according to the first equation,
then the fold phenomenon occurs. Since we cannot es-
timate the derivative by using Eq.(6) for this case, the
starting time point should be reset. If an adjustment
is made according to the third equation, then from
Eq.(8), we can find that the predicted value newly ad-
justed becomes closer to the true value than the one
without an adjustment. That is to say, the expansion
effect from the time point k to k + n − 1 has been

counteracted to a certain extent, so we should reset
the starting time point p to k + n.

Because the intervals Ij,L and Ij,R at every time
step j are very short, usually map f varies monoton-
ically in these intervals. This means that very few
fold phenomena occur during the course of iteration.
Thus, when the parameters λ and ∆k are chosen prop-
erly, an adjustment will be made every few time steps
according to the third equation in Eq.(9). This makes
the predicted value after being adjusted closer to the
true value, namely, the rate of separation slows down,
so the prediction precision is improved.

When an adjustment is made according to the
first or third equation in Eq.(9), it is obvious that
x̃k+n and xk+n−1 no longer satisfy Eq.(1), so the pre-
dicted result is a non-trajectory. Hereinafter, in order
to avoid confusion, we will call the predicted result
a predicted sequence, instead of the usual name — a
predicted trajectory.

When using the above method, we should know
the order relation of the estimated initial value x0 and
the true initial value x̄0, but without other information
besides x0, we cannot determine this. Therefore, there
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will be two different predicted sequences correspond-
ing to two situations x̄0 < x0 and x̄0 > x0. Since one
of the two situations must be wrong, the correspond-
ing predicted sequence may not improve the prediction
precision. We choose the sequence with a better pre-
diction effectiveness as the final predicted result in the
following simulations.

5. Simulation experiments and

discussion

To validate the effectiveness of the proposed
method, two one-dimensional chaotic maps are used
for the numerical simulations.

Simulation experiment 1 The first simulation
experiment is carried out by using the logistic map
xk+1 = 4xk (1− xk) , xk ∈ [0, 1] , k = 0, 1, . . .. This
is a typical chaotic dynamical system[46] and [0, 1]
is its domain. To test the average performance of
this method for the whole domain, we divide [0, 1]
into N1 = 103 subintervals [(i− 1) /N1, i/N1] , i =
1, 2, . . . , N1 of uniform length. Then we choose N1

true initial values x̄i
0, i = 1, 2, . . . , N1 as follows: x̄i

0

is chosen from the i-th subinterval according to uni-
form distribution. Let T̄ i =

{
x̄i

k, k = 0, 1, . . . , N2

}
be

the true trajectory starting from x̄i
0, where x̄i

k+1 =
4x̄i

k

(
1− x̄i

k

)
, k = 0, 1, . . . , N2 − 1 and N2 = 10. To

assess the performance of the method in the sense of
statistical average, we compute N3 = 104 predicted
sequences for each T̄ i. The q-th sequence is obtained
as follows. Firstly, measure the initial value x̄i

0. As
we have mentioned before, the measured values have
a normal distribution N

(
x̄i

0, σ
2
)
, where σ2 = 10−5.

Produce N4 = 5 × 103 measured values for each x̄i
0

and take their mean value xi,q
0 as the estimated value

of x̄i
0, where q = 1, 2, . . . , N3. Secondly, apply the

logistic map to xi,q
0 for N2 times and adjust the pre-

dicted values by using the proposed method in the
course of iteration. Since applying f to the whole
intervals Ik,L and Ik,R is impossible in actual compu-
tation, we use NL and NR equidistant-spacing points
in these two intervals separately for iteration. Here,
NL = NR = 103. The other parameters of the method
are taken to be d = 10−4 and λ = 6. Suppose that
adjustments in terms of the third equation of Eq.(9)
occur at time points ki, i = 1, 2, . . . (ki < ki+1 for
each i) and the first six corresponding values of ∆k

are ∆k1 = 10−6,∆k2 = 10−4,∆k3 = 10−3,∆k4 =
10−3,∆k5 = 10−3 and ∆k6 = 10−3 (in fact, during

the N2 times iteration, the number of adjustments is
less than six, so giving six values of ∆k is enough).
When the first adjustment occurs, the error between
the predicted value and the true value is very small, so
∆k1 is taken as a small value. Since the error increases
with the prediction step, we also increase the value of
∆ki gradually. Let

{
xi,q

k , k = 0, 1, . . . N2

}
be the q-th

predicted sequence of T̄ i.

We validate the improvement of the prediction
precision through comparison with the direct iteration
method. The direct iteration method means applying
the logistic map to xi,q

0 for N2 times directly without
any adjustment and let x̂i,q

k be its results. Here pa-
rameters i, q and k have the same meaning as above.

For T̄ i, the absolute value of the estimation er-
ror of x̄i

0 of the q-th predicted sequence is ei,q
0 =∣∣xi,q

0 − x̄i
0

∣∣ and the absolute values of the prediction
errors of the two methods are ei,q

k =
∣∣xi,q

k − x̄i
k

∣∣ and
êi,q
k =

∣∣x̂i,q
k − x̄i

k

∣∣, k = 1, 2, . . . , N2 respectively. So
the mean values with respect to N3 sequences are

Ei
0 =

( N3∑
q=1

ei,q
0

)
/N3, Ei

k =
( N3∑

q=1
ei,q
k

)
/N3 and Êi

k =

( N3∑
q=1

êi,q
k

)
/N3, k = 1, 2, . . . , N2. They reflect the aver-

age estimation and prediction errors. Since the pre-
diction errors can also be considered as the distances
between the predicted and true values, we call Ei

k and
Êi

k (k = 1, 2, . . . , N2) the average distances between
the predicted sequence and the true trajectory. The
fact that Ei

k and Êi
k increase with k reflects the diver-

gence of the predicted sequence and true trajectory.
So we can give the following definition: for T̄ i, the
average divergent speed from time 0 to k (k > 0) be-
tween the predicted sequence and the true trajectory
T̄ i is vi

0,k =
(
Ei

k − Ei
0

)
/k for the method we proposed

and is v̂i
0,k =

(
Êi

k − Ei
0

)
/k for the direct iteration

method. Then, for T̄ i, the relative decreasing per-
centage of the average divergent speed from time 0 to
k is pi

0,k =
(
v̂i
0,k − vi

0,k

)
/v̂i

0,k which reflects the im-

provement of performance at x̄i
0 ∈ [(i− 1) /N1, i/N1]

by using the method we proposed. Since the length of
[(i− 1) /N1, i/N1] is small, we can consider that pi

0,k

represents the performance gain in the i-th subinter-

val. So the mean P0,k =
(N1∑

i=1

pi
0,k

)
/N1 represents the

average performance gain till time k (k > 0) in the
whole domain and we call it the mean of relative de-
creasing percentage of average divergent speed. It is
obvious that P0,k > 0 means improvement of the pre-
diction precision while P0,k < 0 means degradation
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after applying our method, and the bigger the abso-
lute value of P0,k is, the stronger the corresponding
effect is.

Figure 1(a) shows the simulation result under the
above conditions. From Fig.1(a), we can see that
P0,k ≥ 0 for every prediction step k. This indicates
that our method improves the prediction precision.
From Fig.1(a), we can also note that P0,1 = 0%. This
is because the maximum of the absolute value of the
derivative of the logistic map in [0, 1] is 4, which is
smaller than λ = 6. So at the first prediction step,
our method does not make any adjustment to the pre-
dicted value. Subsequently, as the prediction step in-
creases from 2 to 10, the approach makes the divergent
speed between the predicted sequence and the true
trajectory decrease, and P0,k increases from 0.41% to
33.27%. This reflects that the approach brings more
performance gain for relatively larger prediction steps.
The reason is as follows: first, an adjustment at a cer-
tain prediction step makes the divergent speed at some

subsequent steps also decrease; second, as the predic-
tion step increases, the number of adjustments also
increases. So we obtain more performance gain for
relatively larger prediction steps. But this does not
mean that the larger the prediction step is, the more
gain we can obtain. Actually, although the algorithm
can decrease the divergent speed, it cannot stop the
divergence of the predicted sequence and true trajec-
tory. So when the prediction step is large enough, they
will eventually diverge.

Figure 1(a) shows the average performance gain
in the whole domain. In Fig.1(b), we give the Ei

k and
Êi

k (k = 1, 2, . . . , N2) for a certain x̄i
0 in order to re-

flect the change of the distances between the predicted
sequence and the true trajectory before and after the
application of our algorithm. From this figure, we
can see that by applying our approach, the distances
certainly become closer and as the prediction step in-
creases, the effect becomes more pronounced. This is
also consistent with the above analysis.

Fig.1. (a) The mean of the relative decreasing percentage of the average divergent speed P0,k. It

measures the average performance gain of the algorithm in the whole domain. The fact that P0,k ≥ 0

for every prediction step k indicates the improvement of the prediction precision. For relatively larger

prediction steps, the proposed approach can provide a better performance gain. (b) A comparison of

average distances between the predicted sequence and the true trajectory before and after the application

of our approach for a certain true initial value. This result is consistent with Fig.1(a).

Simulation experiment 2 The second simulation experiment is performed using the Kent map[46]

xk+1 =





xk/a, if xk ∈ [0, a)

(1− xk) / (1− a) , if xk ∈ [a, 1]
, k = 0, 1, . . . , (10)

where a = 0.4. Its domain is [0, 1]. All the simulation conditions and parameters are the same as those for the
first simulation experiment. The result is shown in Fig.2. Figure 2(a), which plots P0,k versus the prediction
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step k, indicates that, by applying the proposed method, the divergent speed between the predicted sequence
and the true trajectory decreases and the prediction precision is improved. The monotonically increasing curve
in Fig.2(a) also indicates that the improvement is more significant for relatively larger prediction steps. Figure
2(b) plots Ei

k and Êi
k versus the prediction step k for a certain x̄i

0. By comparing the two curves in Fig.2(b), it
can be seen that the proposed approach certainly makes the rate of divergence of the predicted sequence and
true trajectory decrease. This also confirms the improvement of the prediction precision.

Fig.2. (a) The mean of relative decreasing percentage of average divergent speed P0,k. (b) A compar-

ison of average distances between the predicted sequence and the true trajectory before and after the

application of our approach for a certain true initial value.

Here we point out that the Kent map does not satisfy the condition of having a continuous derivative in
its domain (see the requirement for the function f in Eq.(1)) since it is not differentiable at x = a. Even so,
the simulation result shows that our approach remains valid. This indicates that, in practice, the requirement
for the function f in Eq.(1) need not to be strictly satisfied, and only needs to be approximately satisfied.

The above two simulation experiments demonstrate that the non-trajectory can certainly provide better
prediction performance than the usual method (i.e., the direct iteration method) using the trajectory for predic-
tion, so the algorithm we proposed can indeed improve the precision of chaotic time series prediction. Especially
when the prediction step is relatively larger, the effect becomes more marked.

6. Conclusion

This paper has provided a method which can improve the precision of chaotic time series prediction by
adjusting the predicted value properly according to the evolution of small intervals on the left and right sides
of the predicted value. Compared with the usual predicted result based on the trajectory, our predicted result
which is a non-trajectory provides better prediction performance. We have demonstrated its effectiveness by
applying it to the logistic map and the Kent map. The reason why this approach can bring a performance gain is
that: we consider not only the iteration of the predicted value itself, but also the evolution information of small
intervals in the neighborhood of the predicted value. In this paper, we always assume that the perfect model
is available because we want to focus on the problem of adjusting predicted values properly during iteration.
But this is not a limitation of our method. In fact, for the model built according to actual data, the proposed
method is still applicable. But the difference between the built model and the perfect one may influence the
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effect to a certain extent. We hope that the approach we proposed can be applied to some related areas of
chaotic time series prediction.
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