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The predictable time scale
of landslides
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Abstract Recent nonlinear dynamical systems
(NDS) techniques have been developed to analyse
chaotic time series data. According to NDS theory,
the correlation dimension and predictable time scale
are evaluated from a single observed time series.
Two case studies are presented to demonstrate that
chaos exists in the evolution of a landslide and the
predictable time scale must be considered. The
possibility for long-term, medium-term and critical
prediction is discussed.

Résumé Les techniques récentes d’analyse non
linéaire de systèmes dynamiques (NDS) ont été déve-
loppées pour étudier des données sous forme de
séries temporelles chaotiques. Suivant la théorie
NDS, la dimension de corrélation et l’échelle de
temps de prévision caractéristique sont évaluées à
partir d’une seule série temporelle. Deux études de
cas sont présentées pour démontrer qu’une structure
chaotique existe dans l’évolution d’un glissement de
terrain et qu’une échelle de temps de prévision
caractéristique doit être considérée. Les possibilités
de prévision à long terme, moyen terme et en situa-
tion critique sont discutées.
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Introduction

Specific concepts and mathematical techniques associated
with non-linear dynamical systems (NDS) theory have been
widely promoted and applied in virtually every scientific
discipline including seismology, geomorphology and land-
slide hazards (Haigh 1998; Keilis-Borok 1990; Phillips 1992,
1993, 1995; Qin et al. 1993; Hongre et al. 1999). These
concepts include chaos, fractal geometry and catastrophe
theory (Phillips 1992). The utility of NDS concepts and
techniques in landslide hazards brings a brilliant oppor-
tunity to gain insights into landslide mechanisms. NDS
theory is also a way of attracting many people to pay more
attention to the study of the evolutionary process of land-
sliding. Deterministic chaos results in complex, irregular
patterns arising from deterministic systems (Phillips 1995).
Chaotic systems are sensitive to initial conditions and to
perturbations. One consequence is that small errors in the
specification of the initial state can be amplified rapidly.
Due to the inevitability of errors in the observational and
numerical sources from which initial conditions are
obtained, it is generally believed that the predictability
limit of landslides should be considered bearing in mind
that the evolutionary behaviour of landsliding is chaotic.
Considerable speculation and some evidence indicate that
chaos may be common in geophysical phenomena.
Reviews are presented by Malanson et al. (1992), Phillips
(1992), Zeng et al. (1993) and Turcotte (1997).
The previous statistical methods of studying landslide
prediction, which are strictly deterministic, neglect small
fluctuations (tectonic, climatic, human, etc.) (Saito 1969;
Fukuzono 1985; Voight 1989), so the chaotic characteristics
in the evolution of the landslide system cannot be reflected
and hence the long-term prediction of landslides cannot be
made using these methods. In other words, the predictable
time scale should be considered in order to more accu-
rately forecast landslides.
In terms of the NDS attractor concept (Shaw 1981), the
solution of the dynamical model of landslide evolution
must be considered as a long-term time series in order to
reconstruct the dynamics of the landslide system. The
predictable time scale can then be determined from the
divergent rate of the motion orbit of the system. In this
way, the difficult problem of describing the dynamical
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equations of landslide evolution and solving them precisely
is avoided.
The purpose of this paper is threefold. First, a measure of
chaos and an estimated method for calculating the predict-
able time scale, which can be easily obtained from any time
series, are introduced into the study of landslides. Second,
it discusses whether there are chaotic phenomena in terms
of the observation time series of some landslides. If chaos
exists, the predictable time scale must be determined.
Finally, the possibility of long-term prediction, medium-
term prediction and critical prediction is considered.

Fundamentals

Measure of predictability
Consider the evolution process of landslides as a nonlinear
dynamic system (NDS). The landslide NDS includes n
interacting components xi; ip1,2,...n. These xi might
include, for a specific system, a number of factors or varia-
bles describing tectonics, lithology and hydrology, etc. The
time behaviour of any component is characterized by an
ordinary differential equation describing it as a function of
the other components. Thus:

dxi

dt
p fi(x1, x2, ..., xn) ip1, 2, ..., n (1)

The evolution of the dynamic system versus time is
described by n-dimensional phase space orbit
x(t)p[x1(t), x2(t), ..., xn(t)], which consists of n variables
(x1, x2, ..., xn). If the dynamical system of landslide is in the
chaotic state, then according to Wolf et al. (1985) (1) non-
integer attractor dimension exists and (2) at least its
maximum Lyapunov exponent is more than zero.
A point x0p[x1(t0), x2(t0), ..., xn(t0)] in the phase space
represents the state at initial time t0 and x0cdx denotes
another state, where dx is a small deviation. The following
linear differential equation group controls the evolution of
dx versus time in the phase space, i.e.

dd xi

dt
p

n

A
jp1

Aij d xj(ip1, 2, ..., n) (2)

where Aij is the elements of the Jacobi matrix of the right
side of Eq. (1). Its expression is

Aij p
ifi(x1, x2, ..., xn)

ixj
)

(x1, x2, ..., xn)

(3)

The average eigenvalues of the Jacobi matrix over a long
time scale can be arranged as follows according to their
magnitude:

L16L26... Ln (4)

where

Lip lim
t]e

1
t

lnFd xiF(ip1, 2, ..., n) (5)

Equation (4) is called the spectrum of the Lyapunov
exponents. For a relatively long time period, Eq. (5) can be

rewritten as

d xipeLit d xi(0) (ip1, 2, ..., n) (6)

It can be seen from Eq. (6) that the Lyapunov exponents
actually represent the exponent growth rate of state errors,
along the eigenvector direction in the phase space. If the
state errors increase gradually with time, it is obvious that
the long-term behavior is unpredictable; otherwise it is
predictable. Thus, the predictability can be measured by
means of the Lyapunov exponents.
Symbols of three Lyapunov exponents (Wolf et al. 1985)
are (–, –, –), (0, –, –), (0, 0, –) and (c, 0, –) for the
constant attractor, the periodical attractor, the pseudo-
periodical attractor and the chaotic attractor in three-
dimensional phase space, respectively. It can be seen that
only the chaotic attractor has at least L1 10. Thus, this
factor can indicate whether the system is in the chaotic
state or not.
The sum of all positive Lyapunov exponents

hp A
Li10

Li (7)

is called the Kolmogorov entropy (Hu 1990). It represents
the average production rate of information of a physical
system in theoretic information terms. The average
predictable time scale of the system (1/h) represents the
time needed for such errors to increase by one time factor.
It is evident that this quantity is very useful for the predic-
tion of landslides.

Reconstruction of the phase space from data
by time delay embedding

It is rather difficult to compute h directly because for most
landslide systems, specific expressions of their dynamic
equations have not been written as yet. However,
according to NDS theory, the information of the other
dynamical variables can be extracted from a single time
series. The second-order Renyi entropy h2, which is the
lower limit of h, can be conveniently calculated by applying
the method of reconstructing the phase space from a time
series (Grassberger and Procaccia 1983).
Two points in an m-dimensional phase space are defined
as

xm(ti)p[x(ti), x(ticDt), ..., x(tic(mP1)Dt) (8)

xm(tj)p[x(tj), x(tjcDt), ..., x(tjc(mP1)Dt) (9)

where Dt is the time interval and FtiPtjF1Dt. There are
Nm(r) point pairs of rij~r in total time point number N for
a given threshold value r, i.e.

Nm(r)p
N

A
i, jp1

u (rPrij) (10)

where rij denotes the distance between the ith point and
the jth point. u is the Heaviside function, i.e.

u(x)p5 (x10)
(x^0)

(11)

The normalization correlation function is
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Cm(r)p
Nm(r)

N2
(12)

When N is large enough and r is very small, the scale law
(Grassberger and Procaccia 1983)

Cm(r);rd2 ePmh2Dt (13)

should be used to calculate

d2 p
log Cm(r)

log r
(14)

h2 p
1

Dtk log e
log

Cm(r)
Cmck(r)

(15)

where d2 and h2 are the correlation dimension of the
attractor and the second-order Renyi entropy respectively
and k is a positive integer. As the phase space dimension m
rises, the system described by the time series should hold
an attractor if d2 tends towards a limit value. The value d2,
which just reaches the limit value, can be seen as the
attractor dimension described by the time series. The value
m corresponding to d2 here is the least number of state
variables needed for describing the dynamical behaviour of
the system. As m increases, the system discussed here is a
random process if d2 increases or varies randomly. This
means that the dynamical behaviour of the system cannot
be forecasted and its predictable time scale is zero.
When d2 is calculated, there are several possibilities:
1. d2pm. This corresponds to a noise series and means

that prediction cannot be made.
2. d2p1 or 2. This indicates that the time series is periodic

or quasi-periodic (oscillating) and the prediction can be
made with no time scale constraint.

3. d2 12 or d2 is not an integer. This denotes that the time
series is chaotic and is very sensitive to initial condi-
tions. Thus, certain criteria must be met to allow
prediction.

Because h2 is more easily obtained than h, and a few exam-
ples show that h2 is a better estimation of h (Hu 1990; Qin
et al. 1993),

Tp1/h2 (16)

is considered the predictable time scale. It is known from
NDS theory that the larger d2 value, the stronger the corre-
sponding chaotic degree.

Case study

Longxi landslide
The Longxi landslide in the Longyang Gorge, Yellow River,
China, occurred on 25 January 1986. It is a planar landslide
with a mass volume of 150!104 m3. The landslide material
was Quaternary clay and sand. Observations of the varia-
tion in the no. 12 crack width at the top of the landslide
over 3 years from 1982 are shown in Fig. 1 (Qin et al. 1993),
which indicates a random appearance.

Fig. 1
Series of observations of variation in no. 12 wide crack, Longxi
landslide, Longyang Gorge, Yellow River, China

Fig. 2
Relation between log Cm(r) and log r for the Longxi landslide

The data in Fig. 1 were processed according to the above
method. The data number N with equal time intervals
(15 days) is 72. When mp2F6 and Dtp3, the
logCm(r)–logr relation is as shown in Fig. 2. The correla-
tion dimension d2 is estimated from the linear range slope
when Cm(r) is plotted versus r on a double logarithmic
scale. The tendency or otherwise of d2 towards a limit
value as m increases is examined and the attractor prop-
erty and its dimension determined.
It can be seen from Fig. 3 that when mp3, fractal dimen-
sion reaches a limit value, d2p2.63. This indicates that the
evolution set of the Longxi landslide locates at a chaotic
attractor. There are therefore three independent state
variables needed in order to describe the dynamic behav-
iour of the Longxi landslide, i.e. three different observation
series are required for establishing the prediction model of
the Longxi landslide.
As there is a chaotic attractor for the Longxi landslide, the
average predictable time scale can be determined. When m
increases from 3 to 5, h2 varies between 0.22 and 0.32 and
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Fig. 3
Relation between correlation dimension d2 and phase space
dimension m for the Longxi landslide

Fig. 4
Monitoring values of displacement of the Xintan landslide in the
Three Gorges, Yangtse River, China, between 1 April 1979 and
1 January 1985

Fig. 5
Relation between Ln Cm(r) and Ln r for the Xintan landslide

Fig. 6
Relation between correlation dimension d2 and phase space
dimension m for the Xintan landslide

its mean value is 0.27. Because the time interval of data
points is 15 days, the average predictable time scale T is

1
0.27

!15;56 days. This means that the deterministic

prediction can be made in the period of 1 January 1986 to
26 February 1986 and the increment of prediction error is
less than one time period. Beyond this period, the predic-
tion error will become much larger.
In addition, changing the value Dt and then calculating h2,
it was found that there was little variation in h2, i.e., Dt had
only a small influence on h2. This indicates that the
predictable time scale of the Longxi landslide determined
is reliable.

Xintan landslide
The Xintan landslide occurred on 12 June 1985 in the
Three Gorges, Yangtse River, China. The 20!106 m3 land-
slide involved mixed alluvial and deluvial deposits
containing mainly smoothed fragments and limestone
debris. The observed displacement-time curve at the A3
monitoring point in the middle part of the landslide is
illustrated in Fig. 4, the curve showing increasing move-
ment with time.
Again, using the same procedure, the correlation dimen-
sion and the predictable time scale of the Xintan landslide
were calculated as 1.662 and 5.2 months respectively
(Figs. 5 and 6). This means that the evolutionary behaviour
of the Xintan landslide is also chaotic, but its chaotic
degree is weaker than that of the Longxi landslide.

Discussion

According to Newton’s mechanics, the movement of the
astronomical body can be forecast by means of a group of
deterministic equations and initial values. This is a deter-

ministic prediction. Encouraged by this success, it was
generally considered that all predictions could be made
deterministically in principle, if only sufficient observa-
tional information was available. However, when the
system is somewhat complicated, the prediction problem is
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not so simple. Nussbaum (Turcotte 1997) simulated the
seismic process with a model composed of two sliding
blocks. The simulation results show that although the
model’s governing equations are deterministic, the random
movement of two blocks occurs under certain conditions,
hence a simple deterministic system can also produce the
random behaviour – chaos. It is obvious that physical laws
are not all deterministic and that random phenomena have
their physical basis. For a complex landslide system, if its
dynamical behaviour is wholly deterministic, any landslide
could be forecast accurately. However, this is impossible
and many landslides, such as the Yanchihe rockfall in
Hubei and Saleshan landslide in Gansu, China, were not
forecast in advance and the back-analysis did not shed a
great deal of light. This again would indicate that the
initiation/development of some landslides has an intrinsic
randomness (chaos). The time scale of prediction should
be constrained when chaos occurs.
Chaos has an obvious influence on landslide prediction if
this time scale is exceeded. In other words, the determin-
istic prediction cannot be made without a time constraint,
and a certain predictable time scale must be held. It should
be noted that landslides may behave as strongly (Longxi
landslide) or weakly (Xintan landslide) chaotic.

Long-term prediction
Long-term prediction means that the time of the occur-
rence of a landslide is forecast from the beginning of the
linear stage (primary creep) of landslide evolution.
According to NDS theory, when a landslide is still rela-
tively stable, the system may already be in a disordered
state and such chaos has a great influence on the future
evolution of landslides. In other words, the long-term
behaviour of such a system cannot be forecast accurately.

Medium-term prediction
Medium-term prediction means that the time of the occur-
rence of a landslide is forecast from the beginning of the
nonlinear stage (secondary creep) of its evolution. During
this period, the influence of chaos clearly begins to
increase. The deterministic prediction can be made in the
predictable time scale determined by the above method.
Clearly, if a landslide occurs in this time scale, the predic-
tion error may be considered good, but in general
medium-term prediction is a very uncertain.

Critical prediction
Critical prediction means that the time of occurrence of a
landslide is forecast when the slope is in an extremely
unstable state (tertiary creep). During this period, random
and elusory factors (inner conditions leading to landsliding
and triggering factors) which existed in the early stage of
landslide evolution can be observed. These factors can be
considered as part of the initial conditions in order to
predict the impending landslide. NDS theory, failure tests
on rock and seismic data analysis have shown that a rock
mass instability process is dimension-decreasing and
order-increasing (Hirata et al. 1987; Qin et al. 1993). Thus,
the influence of chaos can be ignored due to short predic-

tion time and hence critical prediction is relatively accu-
rate. For instance, the successful prediction of the Xintan
landslide was based on the failure precursors before critical
sliding. The Saito model is only suitable for the tertiary
creep phase and the prediction accuracy is higher, as the
observation data used are made close to the time of the
instability.
It is suggested that the combination of deterministic and
indeterminate predictions is a new characteristic of land-
slide forecasting and that the improvement of medium-
term prediction and a focus on solving the critical predic-
tion difficulties should be a major subject of study.

Conclusions

NDS theory has been introduced into the study of land-
slides in order to detect the chaotic behavior of landslide
evolution. A measure of chaos and an evaluated method
for calculating the predictable time scale from observation
data are given. Analysing the observations prior to the
Longxi landslide and the Xintan landslide, it was found
that the evolutionary behaviour of two landslides was
chaotic, the chaotic degree of the Longxi landslide being
stronger than that of the Xintan landslide. The predictable
time scales were 56 days and 5.2 months respectively.
It is concluded that long-term prediction cannot be accu-
rately made and that medium-term prediction is very
uncertain, but that critical predictions may be relatively
accurately made.
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