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Prediction of potential catastrophes in engineering systems is a challenging problem. We
first attempt to construct a complex network to predict catastrophes of a multi-modular
floating system in advance of their occurrences. Response time series of the system can
be mapped into an virtual network by using visibility graph or horizontal visibility algo-
rithm. The topology characteristics of the networks can be used to forecast catastrophes
of the system. Numerical results show that there is an obvious corresponding relationship
between the variation of topology characteristics and the onset of catastrophes. A
Catastrophe Index (CI) is proposed as a numerical indicator to measure a qualitative change
from a stable state to a catastrophic state. The two approaches, the visibility graph and hor-
izontal visibility algorithms, are compared by using the index in the reliability analysis
with different data lengths and sampling frequencies. The technique of virtual network
method is potentially extendable to catastrophe predictions of other engineering systems.

� 2017 Elsevier Ltd. All rights reserved.
1. Introduction

Catastrophic events happen occasionally in various fields such as economic system, ecology system, biology system and
engineering system [1–4]. Especially, modern systems rarely isolated and inextricably interlinked in complex manners [5,6],
and mutual interaction among sub-systems will increased systemic risks [7,8] and lead to cascading catastrophes [9]. A
question of paramount importance is how to predict catastrophes in advance of their possible occurrences to avoid heavy
casualties and serious economic losses [10].

Catastrophic events can occur in different forms among which bifurcation cascades, sudden change, crisis, etc., caused by
nonlinear properties are universal in engineering system [11]. There are abundant research works about predicting the onset
of catastrophes using bifurcation or catastrophic theory [12] based on the established complete mathematical model. The
above method relies on prerequisites that the underlying system is completely known. However, there is no exaggeration
to say that most systems are unavailable for precise mathematical models due to the complexity in the real world. Prediction
of potential catastrophes without models of underlying dynamical system becomes especially challenging. There are various
efforts to predict dynamical systems via reconstructing systems based on time series using nonlinear dynamic theory [13].
The scope of these methods ranges from phase space methods [14,15] to time delay embedding methods [16]. However,
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quickly and reliably predicting is still an issue due to the local reconstruction and the difficulty with the required computa-
tions [10].

Complex network theory has undergone a remarkable development in the last decades [17–19], which provide us a new
insight to deal with complex systems from different disciplines [20–24]. Very recently, a pioneer work [25] has greatly pro-
moted the work in time series analysis, where Zhang and Small first proposed a mapping method to convert time series to
complex networks to analyze pseudo-periodic time series. Different from the above method in which the virtual networks
were mapped from the reconstructed phase space or the linear correlation coefficient, Lacasa et al. proposed a quite simple
mapping method, named visibility graph (VG) [26] and subsequent horizontal visibility graph (HVG) [27], which can inherit
the time series properties in the structure of the associated graphs. Owing to the advantages, such as low computational cost,
straightforward implementation and easy way to find connections, the method becomes popular and applicable in various
fields [28]. Flanagan and Lacasa made use of visibility algorithms to quantify the irreversibility of the financial time series
[29]. Liu et al. studied the statistical properties of complex networks constructed from time series of energy dissipation rates
in three-dimensional fully developed turbulence using the visibility algorithm [30]. Elsner et al. demonstrated how to con-
struct a network from a time series of U.S. hurricane counts and showed how it can be used to identify unusual years in the
record [31]. Luque et al. provided a complete graph theoretical characterization of iterated maps undergoing period doubling
route to chaos based on HVG algorithm [32]. Li and Dong constructed networks of human ventricular time series with the
visibility graph approach to detect and predict the onset of human ventricular fibrillation [33]. Apart from applications listed
above, there are abundant related research works documented in the review literature [28]. However, both the mathematical
grounding of this promising theory and its applications are in its infancy [34].

In this paper, we first attempt to introduce the complex network method to predict potential catastrophes of non-
autonomous network systems. The model of the multi-modular floating structure is selected from [35] for the case studies
because this system is typical and complicated enough in the representation of a wide range of non-autonomous multi-body
systems in engineering field. The pre-warning of catastrophes from transient dynamics of such dynamic systems is impor-
tant for the concerns of engineering safety. However this important topic still remains untouched especially for multi-
modular floating systems in the field of offshore engineering. The non-autonomous system can exhibit the interesting phe-
nomenon of amplitude death (AD), a state that all oscillators in the network are mutually confined in a very weak oscillatory
state [36]. The system may also undergo a sudden change from amplitude death state to a large oscillation state at certain
critical parameters which can threaten or even destroy the system. The sudden change in dynamics is here regarded as a
catastrophe that one strives to avoid at all cost. We translate dynamical properties of time series into structural features
of graphs via mapping response time series to graphic network based on VG and HVG algorithms. By studying the average
degree of the VG graph and the maximum degree of the HVG graph, the onset of catastrophes can be predicted in advance of
their occurrences. We further propose a numerical indicator, named as Catastrophe Index (CI), to measure a qualitative
change from a stable state to a catastrophic state. The performance of the two approaches, visibility graph and horizontal
visibility, is compared by using the index in terms of the reliability with different data lengths and sampling frequencies.
Numerical experiment is carried out for catastrophe identifications and verifies the feasibility and efficiency of this proposed
method. The technique of using graphic networks to predict potential catastrophes is new and is not restricted to the case
study of the floating system, but also in principle applicable to fault detection and diagnosis of mechanical systems.
2. Graphic networks for catastrophe prediction

Based on the modeling method [35], the model of a chained multi-module floating airport can be formed by integrating
the dynamic model of a single floating module and coupling model of connector and the constraint model of the mooring
system. The governing equation for an N-module floating structure can be generally written as
ðMi þ liÞ€Xi þ ki
_Xi þ Si þ dði; i0ÞKið ÞXi ¼ FweiðxtþuiÞ þ e

XN

j¼1

UijGðXi;XjÞ; i ¼ 1; � � � ;N ð1Þ
where the symbol Xi ¼ ½xi; zi; bi�T denotes the displacement vector of the i-th module where the state variables xi; zi; bi denote
surge, heave and pitch motions respectively. Mi; Si indicate the mass matrix and the hydrostatic restoring coefficient matrix,
respectively. The matrix Ki denotes the environmental constraint on the floating system that is moored by the catenaries in
order to restrict the drifting, and dði; i0Þ is the Delta function which determinates the position where the catenaries are
installed. li; ki and Fw represent the added mass, damping matrixes and exciting force vector respectively as a result of water
waves.x ¼ 2p=T denotes the circular frequency of linear wave and T is wave period.ui denotes the initial phase angle of the
i-th module due to a head wave propagating along the huge size of the floating airport and the phase delay is defined as
Duiðiþ1Þ ¼ uiþ1 �uiþ1 ¼ kðLi þ Liþ1Þ=2 of which k indicates wave number. The second term e

PN
j¼1UijGðXi;XjÞ on the right hand

side of Eq. (1) denotes the coupling term which represents the mechanical features of the connection between the modules.
The parameter e indicates the coupling strength (stiffness of the connector). U is the coupling topology matrix, of which the
element Uij is set to 1 when the i-th module connects with j-th module otherwise Uij is set to zero. GðXi;XjÞ denotes the
coupling function which describes the geometric relationship of the connection.
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It is worth noting that the governing Eq. (1) is a generalized model for multi-module floating structure, which can deal
with arbitrary topological configurations and connections with introducing the coupling topology matrix. In addition, due to
the huge scale of the floating module, the displacements at the connection joints are usually large even if the pitch angles of
the modules are small. Thus the model of the connector presents strong geometrical nonlinearity which may causes catas-
trophic event in certain wave conditions. Pre-warning of a catastrophic event has always been an important topic because it
carries many passengers, crews and facilities.

In this paper, a virtual network method is proposed to predict potential catastrophes of the non-autonomous multi-body
systems. A time series can be converted into an artificial network where the dynamic features of the time series are trans-
ferred to topology characteristics of the artificial network. The VG [26] and HVG [27] algorithms suggested by Lacasa et al.
will be employed to implement the conversion and further prediction method of catastrophes is developed. Based on the
algorithms, each data point of time series is mapped to form nodes of the artificial network. The node whether or not con-
necting with other nodes depends on the visibility criterion: two arbitrary nodes xðtiÞ and xðtjÞ mapped from a time series
become two connected nodes in an associated graph, if any other data ðtk; xðtkÞÞ placed between them ðti < tk < tjÞ fulfills, for
VG algorithm shown in Fig. 1(a),
Fig.
xðtjÞ � xðtiÞ
tj � ti

>
xðtkÞ � xðtiÞ

tk � ti
; 8tk 2 ½ti; tj� ð2Þ
and for HVG algorithm shown in Fig. 1(b),
xðtjÞ; xðtiÞ > xðtkÞ; 8tk 2 ½ti; tj� ð3Þ

According to above mapping methods, the dynamic characteristics of a time series can be represented by the topology

characteristics of the corresponding network graph. The topology structure of an undirected and unweighted complex net-
work can be described by the adjacent matrix Awhere its element is assigned as Aij ¼ 1, if the node i is connected with node j
and otherwise Aij ¼ 0. The node degree, a simple but important property, is to be used to predict catastrophes. The node
degree ki of a node i is defined as the number of connections of node i. Hence, the degree of a node is the number of edges
that it shares with other nodes [37], defined as
ki ¼
XNs

j¼1

Aij ¼
XNs

j¼1

Aji ð4Þ
and the average node degree of a network is the average of ki for all nodes in the network
hki ¼ 1
Ns

XNs

j¼1

ki ¼ 1
Ns

XNs

i¼1;j¼1

Aij ð5Þ
In this paper, the average node degree of VG and the maximum node degree of HVG is used in later analysis considering
the insensitivity of the average node degree of HVG which is in the interval of 2 6 hki 6 4 [34]. Different from the average
node degree calculated from the whole range of time series, the local property, maximum node degree, is used for the HVG,
1. Illustration of mapping a time series fxig to network graph with (a) visibility graph algorithm and (b) horizontal visibility graph algorithm.
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which is more impressionable to noise than the average node degree of HVG is. Thus a modified HVG algorithm, namely fil-
tered Horizontal Visibility Graph (f-HVG), is used to avoid the influence of noise and the visibility criterion (3) will be mod-
ified as [34]
Fig. 2.
module
parame
xðtjÞ; xðtiÞ > xðtkÞ þ �f ; 8tk 2 ½ti; tj� ð6Þ

where �f is a filter defined as a real valued scalar, which is determined by the Signal to Noise Ratio (SNR) of the observed time
series.

3. Numerical Illustration

In this paper, a floating airport, consisting of five identical box type floating modules serially connected by the parallel
hinge connectors, is considered as the case study for numerical simulations. As the main purpose of this work is to illustrate
the feasibility of the complex network reconstruction for catastrophe prediction of the floating airport, we referred to the
same parameterization as in [35] basically to avoid tedious and repeating explanation of structure configuration and related
parameters, which may blur the focus of this paper on the network prediction method. Without loss of generality, the non-
dimensional response amplitude of the modules, named as response amplitude operator (RAO) for the marine structure, and
non-dimensional coupling strength are introduced for the two dimensional system, written as
z� ¼ z=a; e� ¼ ðeT2Þ=ðqh2 � 1Þ ð7Þ

where the symbols a;q;h denote wave amplitude, water density and water depth respectively. In order to write easily, we
use the symbols without asterisk in superscript to represent the non-dimensional parameters in the following context.

We first illustrate the dynamic behaviors of this floating system to understand its catastrophic features. Fig. 2(a) shows
the RAO of heave motion versus non-dimensional coupling strength e. From Fig. 2(a) we can see that the amplitudes of all
oscillators remain at a lower level, regarded as the amplitude death (AD) [36], in the three intervals of the parameter
0 < e < 2:44;4:02 < e < 5:32; e > 7:42 and the response amplitudes may be simultaneously and significantly amplified in
a rapid fashion at critical values, regarded as jumps. The mechanism of amplitude death is that there exist several solution
branches for the nonlinear system and amplitude death happens when the steady state of the system falls into a weak oscil-
lation solution branch [38]. A jump phenomenon terminates the AD state, which is regarded as an onset of catastrophe for
the marine system. In order to understand the catastrophe features, we scrutinize the oscillation patterns by the bifurcation
diagram, shown in Fig. 2(b). The response corresponding to an AD state is a harmonic motion of which the oscillation period
coincides with the excitation period exactly. In our tremendous numerical studies of the multi-modular systems, either two
dimensional floating airport coupled by rubber-cable connectors [39] or the three dimensional floating airport connected
with elastic hinged connectors [40], all revealed the similar feature that the time series of system responses usually accom-
pany with the faint high-order harmonic components before a catastrophe event comes. The faint components of high-order
harmonics could be unsteady, so that the frequency domain analysis works no void. The proposed network method enables
to identify qualitative changes of time series with high-order harmonics.

Assume that we do not know the mathematical model of the floating system for a real engineering system. We want to
predict catastrophic events based on the time series of system responses. Although there are flexible choices of using a num-
ber of time series collected from motions of different modules and different degrees of freedom, here we only use a time
series of heave motion of the third module, which is sufficient for the usage of catastrophic prediction due to the network
synergistic effect [41].

To better illustrate our method, without loss of generality, we introduce two non-dimensional parameters, data length
NT ¼ ðtNs � t0Þ=T and sampling frequency f ¼ f s=f 0 where f s is the actual sampling frequency and f 0 ¼ 1=T denotes the
Variation of dynamic response of a non-autonomous network in a parameter range; (a) the response amplitude operator of heave motion in different
s, (b) the stroboscopic bifurcation diagram of the heave response z3 of the third module as the coupling strength e sweeps forwards with the
ter settings of T ¼ 10 s, N ¼ 5.



Fig. 3. Variation of dynamic response and corresponding topology characteristics of network graphs generated through the visibility algorithm and the
horizontal visibility algorithm for time series for sampling frequency f ¼ 50 and data length NT ¼ 50; (a) the response amplitude operator of the state
variable z3, (b) average node degree of visibility graph and (c) maximum node degree of horizontal visibility graph.
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excitation frequency. Fig. 3(a) illustrates the response amplitude operator of the state variable z3 in the partial interval of
coupling strength in Fig. 2(a) with the filter �f ¼ 1� 10�4. Fig. 3(b) and (c) illustrate the average node degree of the VG
and the maximum node degree of the HVG mapped from corresponding time series. From Fig. 3(a) we can see that there
is a transition region between the region of AD and large oscillation state. In this region, response amplitude increases
and the sub-harmonic motion appears when its time series is examined in frequency spectrum. From Fig. 3(b) and (c),
we can see that the changes of average node degree of the VG and the maximum node degree of the HVG have the similar
trends as shown in Fig. 3(a). When the response evolves from an AD state to large oscillation state, namely the occurrence of
catastrophe, the corresponding average node degree and maximum node degree of the networks will increase. This congru-
ent relationship between the response time series and the topology characteristics of the networks can be used to predict the
occurrence of catastrophe. In order to further confirm the reliability of the corresponding relationship, we choose three typ-
ical cases in the three parameter regions picked at e ¼ 1:2; e ¼ 2:2; e ¼ 2:8 for different motion patterns, to show the dynamic
variations and the corresponding networks, shown in Fig. 4.

Fig. 4 illustrates three examples of the artificial networks constructed from time series of different motion patterns. From
the left to right column, the time series correspond to an AD state (single period motion), a transition state (multi-harmonic
motion) and large oscillation state (chaotic motion), and the networks are formed by the VG algorithm (second row) and the
HVG algorithm (third row), drawn by the Gephi software [42]. From the three corresponding networks for VG algorithm, we
can see that the network becomes more and more dense with the increase of coupling strength and the average node degree
of the three networks is hki ¼ 31:537;34:493;38:410 respectively. When we observe the network graph carefully, we find
that there are different numbers of the graph hubs for the three networks and the numbers of the hubs corresponds to
the numbers of the dominant response amplitudes. The first network for e ¼ 1:2 has 50 graph hubs due to the data length
NT ¼ 50, the second network for e ¼ 2:2 has four hubs which corresponds to the four response peaks and there is one dom-
inant hubs for the third network for e ¼ 2:8 due to the chaotic motion. The average node degree of the three networks for
HVG is hki ¼ 3:783;3:849;3:856 respectively. Different from the networks for VG algorithm, the density of the networks for
HVG algorithm has insignificant change for different coupling strengths in comparison with the second row and the third
row of Fig. 4, while in contrast the maximum node degree of the network is km ¼ 4;9;11 respectively. This is the reason
why we use the maximum degree instead of the average degree of the HVG graph to predict catastrophes. In fact, the pre-
vious work revealed that the node with the maximum node degree, namely the most connected node, are the data with lar-
gest response values, which corresponds to the extreme events of the series [27].

In order to evaluate the performance of the proposed method, we propose Catastrophe Index (CI) as a numerical indicator
to quantify a qualitative change from a stable state to a catastrophic state. The index CI is designed as follows. First, deter-
mine a benchmark state of the topological characteristic l0 (either average node degree or maximum node degree) of the
network from a stable state of an original system. Then, devise a transient characteristic l that is the instant topological
characteristic of the network from the present evolutionary state of the system. Therefore, the time-dependent index Cl
is introduced to define the rate of qualitative change of responses, given by
Cl ¼ l� l0

l0
� 100% ð8Þ
From the above definition of the index Cl, we know that if the floating system is in a stable state, the transient topology
characteristic l is close to the benchmark value l0 and the index Cl tends to be zero; If the floating system is about the
occurrence of a catastrophic event, the time series usually accompanies with the emergence of sub-harmonic or aperiodic
components in the observed time series, resulting that l deviates from l0 and the index Cl diverges from zero. Variation
of the index signifies an oncoming disaster event.



Fig. 4. Time series (the first row) and corresponding network graphs constructed by the visibility algorithm (the second row) and the horizontal visibility
algorithm (the third row), for different coupling strengths (a) e ¼ 1:2, (b) e ¼ 2:2, and (c) e ¼ 2:8.
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Fig. 5. (a) The CI for the average node degree of the visibility graph and (b) the CI for the maximum node degree of the horizontal visibility graph, as a
function of data length for the sampling frequency f ¼ 50.
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In what follows, the two algorithms (VG and HVG) will be compared using CI in terms of the reliability with different data
lengths and sampling frequencies. Fig. 5 illustrates the CI for the average node degree of the VG method and the CI for the
maximum node degree of the HVG method under the change of data length NT with sampling frequency f ¼ 50 where the
coupling strengths are picked at e ¼ 1:2; e ¼ 2:2; e ¼ 2:8 for different motion patterns. From Fig. 5(a) we can see that CI for
the average node degree of the VG graph for stable state with coupling strength at e ¼ 1:2 always stays at zero. The CI for the
average node degree with the coupling strengths at e ¼ 2:2 and e ¼ 2:8 have large fluctuation for small data length NT < 20,
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then CI for the coupling strength e ¼ 2:2 in the transition state reaches to a relative stable value around Chki ¼ 10% accom-
panied with weak fluctuation while CI for the coupling strength e ¼ 2:8 decreases weakly towards Chki ¼ 20% with the
increase of data length. For the index of the HVG graph shown in Fig. 5(b), the CI for the maximum node degree with coupling
strength at e ¼ 1:2 always stays at zero while the CIs with coupling strengths e ¼ 2:2 and e ¼ 2:8 increase in steps with the
increase of data length. The CI for coupling strength e ¼ 2:2 reaches to a stable value Ckm ¼ 100% at data length NT ¼ 22
while the CI for coupling strength e ¼ 2:8 does not reach to a constant for the largest presented data length. It is worth noting
that the key issue for pre-warning catastrophe is to distinguish the difference between the stable state (single period motion)
and the transition state (multi-harmonic motions) using sensitivity index CI. In comparison with the two approaches we can
see that using the HVG can have more obvious discriminability than that of the VG method, and the change rate of CI for the
HVGmethod about the transition state is much larger than that of the VG method with same data length. The necessary data
length for HVG method ðNT > 1Þ is shorter than that for the VG method ðNT > 6Þ in terms of the discrepancy between stable
state (black line) and the transition state (red line).

Similarly to Fig. 5, Fig. 6 illustrates the CI for the average node degree of the VG method and the CI for the maximum node
degree of the HVG method under the change of sampling frequency for three different coupling strengths. In order to get rid
of the influence of data length on the analysis of sampling frequency, we take the sufficient data length NT ¼ 50 (see Fig. 5).
From Fig. 6(a) we can see that the CI for the average node degree with coupling strength e ¼ 1:2 for a stable state always
stays at zero. The CI for the average node degree with coupling strength e ¼ 2:2 and e ¼ 2:8 have dramatic changes for small
sampling frequency f < 15, and then tend to stable values with Chki ¼ 10% for coupling strength e ¼ 2:2 and Chki ¼ 20% for
coupling strength e ¼ 2:8. From Fig. 6(b) we can see that the CI for the maximum node degree of the HVG graph with cou-
pling strength e ¼ 1:2 for a stable state always stays zero. The CI for the maximum node degree with coupling strength
e ¼ 2:2 and e ¼ 2:8 are fluctuated around a certain constant value and there are small discriminations between the transition
and the large oscillation state while there are obvious discriminations between the AD state and the transition state. In com-
parison with the two approaches, we can see that the change rate of the CI of the HVG method between the stable state and
the transition state is more obvious than that of the VG algorithm for the same sampling frequency.

For a real system, the catastrophe is commonly induced by the time varying parameter. In what following, a simple exam-
ple that the wave height changes with time is considered, shown in Fig. 7. In a monitoring process, the index CI needs to be
updated constantly from feeding data. For every sampling time to obtain a new data point (node), we drop the first data
point (node) of the original network to guarantee the same pre-set data length, and then reconstructing a new network
and calculating the topological characteristic to update CI. We consider the case that the wave height is a constant
a ¼ 1 m in the beginning and gradually increases after time t ¼ 1500 s until the height reaches to a ¼ 2:5 m at time
t ¼ 3500 s, show in Fig. 7(a). The corresponding response time series for state variable z3 is shown in Fig. 7(b). From
Fig. 7(b) we can see that the response is initially a weak oscillation state with single harmonic motion even if the amplitude
increases due to the increased wave amplitude. The amplitude is magnified in a rapid fashion at a critical value of t ¼ 4415 s
which indicates the onset of engineering disaster. The CI for the average node degree of the VG method and the CI for the
maximum node degree of the HVG method mapped from corresponding time series is illustrated in Fig. 7(c) and (d). From
Fig. 7(c) we can see that the CI for the average node degree is not a strict constant value but has a very weak fluctuation
around zero even in the stable region of the floating system and the fluctuation amplitude of the CI for the average node
degree is about Chki ¼ 2%. When we reexamine the CI for the average node degree of weak oscillation state, we find that
the fluctuation period coincides with the period of response because of the boundary effect of the data. For the change rate
of the CI in the region just before the catastrophe (shown in the partial enlarged drawing in Fig. 7(c)), we can see that there is
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a weak jumping for the CI at the time t ¼ 4250 s and the index CI still has fluctuation after the jumping. With the increase of
time, the fluctuation of CI in the region before the catastrophe is disordered in comparison with the CI in the stable region.
Thus the region of 4250 s 6 t < 4415 s is defined as the pre-warning region for the VG method. For the HVG method, the
sensitive index CI for the maximum node degree is shown in Fig. 7(d). From Fig. 7(d) we can see that the CI for the maximum
node degree stays at zero for the stable region of the floating system even if the response amplitude increases due to the
increased wave amplitude. With the increase of time, the CI for maximum node degree has an obviously stepped increasing
at the time t ¼ 3814 s prior to the happening of catastrophe, which provides a pre-warning for the oncoming catastrophe.
Close to the occurrence of catastrophe, the CI for the maximum node degree reaches to Ckm ¼ 100%. In comparison with
the two methods discussed above, the variation of the pre-warning index Ckm for the HVG method is more sensitive than
that of the pre-warning index Chki for the VG method. Meanwhile, the pre-warning time for the HVG (THVG ¼ 601 s) shown
in Fig. 7(d) is also longer than that for the VG method (TVG ¼ 165 s) shown in Fig. 7(c). Thus the HVG is superior to the VG
method in terms of a pre-warning scheme.

According to above numerical simulations and results analysis, we can conclude that the technical route, using complex
network theory to predict catastrophes, is feasible. Nevertheless, we would like to remark that the numerical simulations
demonstrate a promising potential of this method and the actual performance needs to be experimentally tested, which
has been scheduled in our future work. In addition, for the timeliness of the prediction process, we can use the fast algorithm
proposed in the Ref. [43] to construct the VG or HVG graph and the computational complexity of constructing a graph is OðnÞ
for a graph with n nodes. In order to alert us that the catastrophe is going to happen for a realistic application, we should first
determinate a critical value regarded as a prediction value.
4. Conclusions

In this paper, we first propose to use the complex network theory to predict potential catastrophes of the complex sys-
tem. The feasibility of the method is illustrated according to the numerical simulation using visibility graph theory to predict
catastrophes of a non-autonomous network which derived from a marine system. Numerical results show that there is an
obvious corresponding relationship between the topology characteristics of the networks and the onset of catastrophes.
The average degree or maximum degree, of the network graphs constructed from time series with visibility graph or hori-
zontal visibility algorithm, will increase when the catastrophe is going to happen. The Catastrophe Index (CI) as a numerical
indicator to measure a qualitative change from a stable state to a catastrophic state is proposed. The two approaches, from
visibility graph or horizontal visibility theory, are compared using CI via analyzing the reliability with different data lengths
and sampling frequencies. At last, an example for the predicting problem considering time varying parameter is illustrated. It
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is worth to notice that using the technique of the virtual network to predict potential catastrophes is not restricting to the
particular floating system, which can potentially extendable to catastrophe prediction of other engineering systems or fault
detection and diagnosis of mechanical system [44].
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