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Abstract:

Debris flows have caused enormous losses of property and human life in Taiwan during the last two decades. An efficient
and reliable method for predicting the occurrence of debris flows is required. The major goal of this study is to explore the
impact of the Chi-Chi earthquake on the occurrence of debris flows by applying the artificial neural network (ANN) that
takes both hydrological and geomorphologic influences into account. The Chen-Yu-Lan River watershed, which is located in
central Taiwan, is chosen for evaluating the critical rainfall triggering debris flows. A total of 1151 data sets were collected
for calibrating model parameters with two training strategies. Significant differences before and after the earthquake have
been found: (1) The size of landslide area is proportioned to the occurrence of debris flows; (2) the amount of critical rainfall
required for triggering debris flows has reduced significantly, about half of the original critical rainfall in the study case; and
(3) the frequency of the occurrence of debris flows is largely increased. The overall accuracy of model prediction in testing
phase has reached 96Ð5%; moreover, the accuracy of occurrence prediction is largely increased from 24 to 80% as the network
trained with data from before the Chi-Chi earthquake sets and with data from the lumped before and after the earthquake
sets. The results demonstrated that the ANN is capable of learning the complex mechanism of debris flows and producing
satisfactory predictions. Copyright  2009 John Wiley & Sons, Ltd.
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INTRODUCTION

Taiwan is situated at the junction of the Eurasian Plate
and Philippine Sea Plates where earthquakes occur fre-
quently. Resulting from the active orogenesis, the Central
Mountain Range is therefore up-heaved that results in
high elevations and steep slopes, and the mountain ter-
rain is close to 70% of the island. Because of the lack
of usable land, many housing units were built on the
hillsides or the hills near the metropolitan areas. These
highly concentrated engineering structures resulted in dif-
ficulties in soil and water conservation. This phenomenon
increases the surface runoff and shortens the concentra-
tion time of peak flows during typhoon periods. Due to
the special meteorological and geographical environment,
people living in this island have suffered from many
catastrophic disasters, such as floods and debris flows.

As compared with floods, debris flows are considered
more dangerous and devastating because they typically
carry large boulders and rocks that can affect or destroy
structures in their paths. Because of the unique topo-
graphical and meteorological characteristics of Taiwan,
the calamities caused by debris flows often happened
in the past. Nevertheless, the activities of earthquakes
accelerate the occurrence of debris flows due to huge
amounts of sediments that are generated from earth-
quakes. Amongst the earthquakes that have occurred in
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Taiwan, the Chi-Chi earthquake (MW D 7Ð6; at 23Ð85 °N,
120Ð81 °E), with a focal depth of 8Ð0 km, was triggered
by reactivation of the Chelungpu fault in central Tai-
wan on 21st September, 1999. This destructive earth-
quake caused 2400 deaths, 8373 casualties and more than
US$10 billion in damages (Lin et al., 2004) and caused
serious landslides (more than 20 000 landslides in an area
of 2400 km2) in central Taiwan. Once heavy rainfalls or
typhoons occur, the loose colluvium is weakened, which
easily leads to a debris flow. The follow-up impact of
the Chi-Chi earthquake on the debris flows is that the
frequency of debris flows occurrence has significantly
increased.

Debris flows are usually caused by heavy rainfall
in mountainous areas and consist of various materials
such as water, trees, sand, mud, soil, gravel and rocks
after the collapse of hillsides. Debris flows are some-
times regarded as mudslides or landslides; however, the
dynamics of a debris flow is quite different from pure
landslide phenomenon. It can force faster velocities and
make sudden and powerful impact that can often cause
enormous destruction and damage (Chang et al., 2007b).
Several factors contribute to the occurrence of debris
flows, including loose deposits, steep slopes and sufficient
rainfall. Debris flows that are initiated from the aforemen-
tioned sources can further grow in volume by incorporat-
ing materials in its path that therefore greatly increases
its destructive power. On reaching flatter ground, the
debris spread over a broad area and form the debris
flow fan.
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One of the most important tasks for hydrological
researchers in Taiwan is to develop a reliable model
for predicting the occurrence of debris flows. Neverthe-
less, the mechanism of its development is not yet clearly
understood. In the past, a number of studies on the evolu-
tion of debris flows were carried out by statistical analysis
(e.g. Lin et al., 2006). Parts of the research focused on
understanding the basic mechanisms and physical fac-
tors (Liu and Huang, 2006). However, debris flows are
influenced by a range of factors, including hydrological,
meteorological, geomorphologic and geological factors.
The physical phenomena behind the debris flows present
great complexity, high non-linearity and spatial and tem-
poral variability. Moreover, it may be time-consuming
for fully understanding all the natural processes of debris
flows.

The artificial neural network (ANN) is a relatively
new computational technique that is inspired by neuro-
biology to perform brain-like computations and has been
recently accepted as an efficient alternative tool for mod-
elling complex and non-linear hydrological systems. In
general, ANN is composed of a number of intercon-
nected processing elements (neurons) with the attrac-
tiveness of information-processing characteristics such as
parallelism, noise tolerance, learning and generalization
capability. They learn from examples and capture appro-
priate functional relationships amongst the data even if
the underlying mechanisms are unknown or difficult to be
recognized. The applications of ANN to various aspects
of hydrological modelling have provided many promis-
ing results, including rainfall-runoff process (Dawson and
Wilby, 1998; Zealand et al., 1999; Chang et al., 2007a;
Chiang et al., 2007b), sediment concentration estimation
(Nagy et al., 2002), landslide analysis (Kanungo et al.,
2006; Lee et al., 2007; Pavel et al., 2008) and precipita-
tion prediction (French et al., 1992; Chiang et al., 2007a).
However, the application or investigation of ANN to the
topic of debris flows prediction is still limited. Hence, it
is necessary and important to continue the research on the
applicability of the ANN models in dealing with debris
flows prediction. The major goal of this study was to
build a reliable ANN model for debris flows prediction
and explore the impact of earthquakes on the occurrence
of debris flows.

In this study, we briefly describe the study area and
processes to obtain hydrological and geomorphologic fac-
tors. Next, the structure of a backpropagation network and
the procedure of model training are presented. Results
obtained from different training strategies are discussed in
the subsequent section, and finally conclusions are drawn.

STUDY AREA AND DATA ANALYSIS

Study area

The Chen-Yu-Lan River watershed, as shown in
Figure 1, was selected in the present study for investi-
gating the debris flows hazards. It originates from the
north peak of Yu Mountain, which is at an elevation of

3910 m, has a length of 42Ð4 km with an average slope
on the order of 1/20 from the riverhead to the outfall and
a watershed area of about 450 km2 with a mean annual
rainfall of about 3000 mm. The watershed is located in
mountainous area and most of these mountains are more
than 2000 m in elevation, indicating a topographical char-
acteristic of deep and narrow valley with torrential and
rapid flow. There are 16 sites in tributaries of the Chen-
Yu-Lan River (see Figure 1) that are likely to have debris
flows hazards are considered in this study. A better under-
standing of the topographic characteristics might facilitate
comprehending the concepts for predicting the potential
occurrence of debris flows. The Chen-Yu-Lan River fol-
lows a major fault, the Chen-Yu-Lan Fault, which is a
boundary fault dividing two major geological zones of
Taiwan: the western foothills and the Hsuehshan Range
(Lin and Jeng, 2000). The study area also contains other
faults that are accompanied by fractured zones that could
generate great topographic relief and abundant rocks that
have resulted in frequent landslides and debris flows.

Data collection

To evaluate the accuracy and reliability of debris flows
prediction, hourly data of observed debris flows events
and potential influential factors were collected. A total
of 34 storm or typhoon events with debris flows occur-
rence were recorded from 1985 to 2001. It is likely that
the topographic conditions and hydrological characteris-
tics have changed after the Chi-Chi earthquake. There-
fore, these data were further classified into two groups:
before and after the Chi-Chi earthquake. The first group
consisted of 1036 records (1985 ¾ 1998), including 24

Figure 1. Location of Chen-Yu-Lan River watershed and sub-basins
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occurrences of debris flows data, and the second group
consisted of 115 records (2000 ¾ 2001), including 21
occurrences of debris flows data. Thus, the impact of the
earthquake on the occurrence of debris flows will also be
discussed.

These data contain several types of information
that have been identified as influential factors for the
debris flows and can be divided into two basic cate-
gories, hydrological and geomorphologic factors, includ-
ing (1) effective rainfall duration (ED) and effective
cumulative rainfall (ER) and (2) creek length, size of sub-
basin area, slope and form factor (Chang and Chao, 2006;
Lu et al., 2007). The hydrological data were analyzed
according to the distance between rain gauges and sites of
debris flows occurrences. To circumvent the difficulties in
acquiring in situ data, a digital terrain model (DTM) with
topographic maps (1 : 25 000 scale) was applied to calcu-
late the geomorphologic factors in a geographic infor-
mation system (GIS) environment. The pre-processing
procedure has been adopted by most of the debris flows
related researchers (Lin et al., 2002; Wan et al., 2008)
for digitizing the map of terrain and analyzing the DTM
data.

Analysis of hydrological factors

Due to the uncertainties and irregular temporal and
spatial distribution of rainfall, different sites should have
different rainfall, especially at a mountainous region such
as the selected study area. However, the rainfall measured
by ground gauging stations is generally used to represent
a regional rainfall. This is unsuitable for debris flows
prediction because accurate effective rainfall has been
identified as one of the major forces that will initiate
the instability processes for debris flows. To properly
consider the influence of a storm event and the quantity
of rainfall at ungauged sites, methods to estimate rainfall
using observations at adjacent sites are necessary. The
National Weather Service proposed the inverse distance
weight method by using weights inversely proportional to
the square distance between the rain gauge and the sub-
basin (location of debris flows). The method is fast and
easy to compute, and therefore, widely used (Lu et al.,
2007). Formally, the inverse distance weight method is
used to estimate the rainfall value OZ at location Xo, given
the observed rainfall value Z at specific sites Xi. The
procedure is as follows:

OZ�Xo� D
n∑

iD1

�iZ�Xi� �1�

where �i represents the weights that are calculated from
the distance between the rain gauge and the sub-basin
and can be defined as

�i D f�doi�
n∑

iD1

f�doi�

�2�

where f represents the inverse square ratio as shown in
Equation (3):

f�doi� D 1/d2
oi �3�

where doi is the distance between Xo and Xi

ED (h) and ER (mm) are defined as follows. The
ED was counted from the time (start raining) that the
accumulative rainfall reached 10 mm to the time point
(stop raining) that the accumulative rainfall was less than
10 mm within 24 h. The ER was defined as a continuous
rainfall from the time of starting raining to the time of
occurrence of debris flows. Therefore, the ER can be
calculated by using Equation (4):

ER D
T∑

tD0

˛tRt �4�

where Rt represents the actual rain at time t, in which t D
0 refers to start raining, and T represents the actual value
for which ER is to be calculated. Parameter ˛t presents
a decay coefficient that accounts for the decreasing
influence of previous rainfall at time t and can be defined
as follows:

˛ D
p

K �5�

where K represents a coefficient proposed by Fedora and
Beschta (1989) that depends on the area of the sub-basin
(A) and can be calculated as shown in Equation (6):

K D 0Ð881 C 0Ð00793 ln�A� �6�

Analysis of geomorphologic factors

The occurrence of a debris flow is highly susceptible
to the local topographical conditions. Even within the
same watershed, different locations might have distinct
terrain characteristics. The factors we considered in this
study can be referred to previous works (Lu et al., 2007;
Wan et al., 2008), that is, creek length (km), size of sub-
basin area (km2), slope (degree) and form factor. The
creek length is an important geomorphologic factor for
predicting debris flows. It is obvious that the longer the
creek, the more the deposits can be gathered together
and carried down the stream. The size of the sub-
basin area is related to the amount of rainwater that
streams into the river. A larger watershed area receives
a larger amount of rainwater and yields more floods, and
therefore, has a higher likelihood of inducing debris flows
(Vanacker et al., 2003). The slope is an essential and
important factor triggering the occurrence of debris flows,
as has been identified by many researchers (e.g. Lin
et al., 2004). The form factor represents the watershed
characteristic that is highly related to the distribution
of streamflow hydrograph. A narrow watershed has
a smaller form factor, which means the streamflow
hydrograph is platykurtic, whereas a circular watershed
has a larger form factor, which means the streamflow
hydrograph is mesokurtosis or leptokurtosis. In sum, a
larger form factor of a watershed means the watershed
has a larger runoff quantity in unit time than that of a
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smaller form factor. Besides, many previous studies have
demonstrated that the size of the landslide area is highly
related to the occurrence of debris flows. The landslide
phenomenon usually provides a huge amount of soil,
gravel and rocks, which is one of the major necessities
for triggering debris flows.

Landslides are quite common in this watershed. Before
the Chi-Chi earthquake, the landslide area was about
7Ð5 ð 106 m2 (January 1999), but it almost tripled to
20Ð8 ð 106 m2 (January 2000) after the earthquake (Lin
et al., 2004). Since there was no abnormal storm event
during this period, the abrupt increase in landslide area
was most likely attributed to the Chi-Chi earthquake.
Such great change in the size of the landslide area
could greatly increase the probability of the occurrence
of debris flows over this region, and therefore was taken
into consideration in this study.

To analyze and extract the above-mentioned geomor-
phologic factors, the GIS tool that has been widely uti-
lized by many researchers (Ayalew and Yamagishi, 2005;
Wen and Aydin, 2005) was applied to gain the main fea-
tures of each sub-basin. GIS provides a platform for data
inventory and manipulation and increases the efficiency
of data analysis. Table I shows the chosen geomorpho-
logic parameters and size of landslide area of each sub-
basin. The red parts in Figure 2 show the size of the area
segmented for data analysis in each sub-basin and values
in brackets represent the ratio of landslide area to sub-
basin area. Basically, every sub-basin has a drainage area
larger than 0Ð1 km2 and a slope greater than 10° that has
the necessary condition for triggering debris flows.

APPLICATION OF DEBRIS FLOWS PREDICTION

Methodology

An ANN consists of many simple elements/neurons
operating in parallel. In general, these neurons are

Table I. The geomorphologic factors and size of landslide area
of each sub-basin

Location Creek
length

(m)

Watershed
area

(km2)

Slope
(degree)

Form
factor

Landslide
area
(m2)

Shou Shan 820 0Ð64 21Ð3 0Ð95 6Ð7 ð 103

Sin An 1500 1Ð39 21Ð3 0Ð61 2Ð1 ð 104

Sin Shan 670 0Ð54 24Ð7 1Ð21 6Ð9 ð 103

Jyun Ping 1260 0Ð88 23Ð3 0Ð55 1Ð7 ð 104

Jyun Keng 1460 1Ð73 18Ð8 0Ð81 3Ð4 ð 104

Jyun An 2380 1Ð07 20Ð3 0Ð19 2Ð3 ð 104

Shan An 2680 2Ð47 17Ð2 0Ð34 5Ð9 ð 104

95.5K 2030 1Ð64 24Ð7 0Ð4 4Ð0 ð 103

Fongciou 1700 1Ð88 27Ð9 0Ð65 2Ð1 ð 104

Bi Shih 1590 1Ð44 11Ð3 0Ð57 0
Ku Keng 870 1Ð24 11Ð9 1Ð64 0
Wang Siang 1990 1Ð59 12Ð9 0Ð4 0
Siang Jiao 2100 2Ð2 22Ð3 0Ð5 0
Sin Sing 2790 2Ð18 23Ð3 0Ð28 1Ð6 ð 104

Dong Pu 1 960 0Ð65 23Ð3 0Ð71 0
Dong Pu 2 2520 2Ð54 26Ð6 0Ð4 5Ð6 ð 103

Figure 2. Area of sub-basins segmented for data analysis

arranged in the form of layers. A network usually
includes three layers: (1) an input layer, (2) a hidden
layer and (3) an output layer. The number of input and
output neurons is always problem dependent. Neurons in
the hidden or output layers receive various input infor-
mation from former layer and then multiply by the con-
nected weights. The sum of weighted inputs becomes the
input for a specific transfer function that is settled in
every hidden and output neuron. The network can vir-
tually exhibit any desired output through adjusting the
connected weights based on the difference between the
model and target outputs. The process is known as train-
ing: The network learns the relation between input and
output sequences. In practice, the ANN is especially use-
ful for forecasting, classification, function approximation
and identification problems.

The most widely used architecture of ANNs in hydro-
logical modelling is the backpropagation neural net-
work (BPNN), which is applied in current study. The
BPNN has unique advantages such as the excellent map-
ping capability, fast self-learning and the ability of self-
adaptation. There are many types of algorithms for train-
ing the BPNN. Basically, the purpose of training is to
calculate the error at each neuron and systematically
search the optimal network weights. Even if the steepest
descent method is a commonly used training algorithm,
it often suffers from slow convergence and sub-optimal
solutions. Therefore, researchers have encouraged search-
ing for faster and more effective algorithms. The conju-
gate gradient algorithm has now become more popular
and widely used, since it represents a good compromise
between the simplicity of the steepest descent algorithm
and the fast quadratic convergence of Newton’s method
(Battiti, 1992). In practice, the process makes good uni-
form progress towards the solution at every step and has
been found to be effective in finding better optimization
than that of steepest descent method (Chiang et al., 2004).
Based on the above description, the conjugate gradient
algorithm was implemented in this study for training the
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Figure 3. Architecture of the BPNN model for predicting debris flows

BPNN. Details of the conjugate gradient algorithm can be
found in Ham and Kostanic (2001) and are summarized
as follows.

1. The initial conjugate direction d0 and the gain vector
g0 are defined as in the following:

d0 D �g0 D pn
i � C nwn

i �0� �7�

where C n is an estimate of the covariance matrix of the
inputs to the nth layer and pn

i is an estimate of the cross-
correlation vector between the inputs to the nth layer and
the desired outputs.
2. Then, the conjugate vector coefficient can be defined

as follows:

˛k D � gT
k dk

dT
k C dk

�8�

where gk D C nwn
i �k� � pn

i ;
3. The weight vector w , gain vector g and conjugate

gradient direction d are updated as follows:

wn
i �k C 1� D wn

i �k� C ˛kdk �9�

gkC1 D Cwn
i �k C 1� � pn

i �10�

dkC1 D �gkC1 C ˇkdk ; ˇk D gT
kC1C dk

gT
k gk

�11�

Steps 2 to 3 are repeated until the errors are less than
stop criterion

BPNN model structure and training strategy

The model performance is highly dependent on the set-
ting of the network structure and the optimization of its
unknown parameters. Therefore, determining the num-
bers of input, hidden and output neurons is an impor-
tant procedure. As mentioned above, the selection of
input, hidden and output dimensions is problem depen-
dent. Appropriate input variables and hidden neurons will
allow the network to successfully map the desired output.
To determine the appropriate number of input and hidden
neurons for predicting debris flows, the trial-and-error
procedure suggested by most previous works was applied.

The study collected six influence factors: ED, hourly
ER, creek length (L), size of sub-basin area (A), slope

(S) and form factor (F). The strategy herein was to
keep both hydrological factors, whereas the selection of
geomorphologic factors is determined by trial-and-error.
Finally, five variables were selected for the input layer.
Three geomorphologic factors were selected except for
the form factor. The results conform to previous work
(Chang et al., 2007b), indicating that the impact of form
factor on debris flows prediction is less than the other
three geomorphologic factors in this case study. The trial-
and-error procedure was also used for identifying the
number of hidden neurons, since no general guidelines
exist for the identification of ANN structure for specific
applications. The hidden neurons vary from one to ten
and eventually four hidden neurons are decided. The
output layer consists of two neurons representing the
occurrence and non-occurrence of debris flows in next
step (h). Figure 3 shows the selected architecture of the
BPNN model for debris flows prediction.

To learn the impact of the earthquake on the prediction
of debris flows and evaluate the BPNN model perfor-
mance, two training data sets with different quality were
adopted for separately optimizing the network weights.
The training data set 1 consists of 620 records that were
all recorded before the Chi-Chi earthquake. Amongst
the 620 records, 17 records represent occurrence and
603 records present non-occurrence. The 115 records
that recorded after the Chi-Chi earthquake are used as
the testing data, including 21 occurrences and 94 non-
occurrences of debris flows data. The major reason for
this training strategy was to investigate the influence of
the earthquake on the mechanism of debris flows occur-
rence and the difference before and after earthquake.
The samples of second training data set were randomly
selected from the lump 1151 records (1036 C 115). A
total of 699 records including 30 occurrences of debris
flows data were used for training the model parame-
ters, and the remaining 452 records with 15 occurrences
of debris flows data were used for testing the BPNN.
Furthermore, the data pre-processing procedure is also
important for the model performance. In this study, all of
the collected data are normalized within the range of (0,
1). Prior to training, the connected weights were initial-
ized with random values within the range of (�1, 1), and
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Figure 4. The model accuracy of BPNN trained by data set 1

the stop criterion is dependent on either minimum mean
squared error obtained or training iterations reached.

RESULTS AND DISCUSSION

Performance of model trained with data set 1

Figure 4 and Tables II and III show the detailed results
obtained from BPNN. It should be noticed that the
parameters of BPNN model are optimized by using
data measured before the Chi-Chi earthquake only. The
training performance on the prediction of non-occurrence
is perfect with accuracy of 100% (see Table II). For the
prediction of occurrence, the BPNN correctly predicts
15 out of 17 records and with an accuracy of 88%.
The overall training accuracy reached 99Ð7%, which
indicates that the BPNN can be well trained if sufficient
data are provided. Testing results shown in Table III
indicate the BPNN only predicts 5 out of 21 occurrence
records even though the accuracy of non-occurrence
prediction reaches 99%. This is because the BPNN model
learns the knowledge merely from data recorded before
the Chi-Chi earthquake, and therefore it is not able

to forthrightly predict the environmental status where
both severe topographical and hydrological changes are
encountered. These changes may result in (1) the total
size of the landslide area being increased and (2) the
amount of precipitation required for triggering debris
flows being reduced.

As far as the above effects are concerned, both changes
are related to the reduction of ER. Hence, a correction on
this hydrological input factor was made without changing
the model architecture. The equation is as follows.

ERR D ERO C RL C c �12�

where ERR and ERO represent the normalized revised
and original ER, respectively; RL represents the ratio
of landslide area to sub-basin area; and c represents a
constant that reflects the amount of precipitation required
for triggering debris flows was reduced.

Since no general guidelines exist for the identification
of the constant, the trial-and-error procedure was again
used for determining the constant c. The value of c was
tested from 0 and stepped by 0Ð1 in this study. It is
interesting that the overall accuracy is 87Ð8% (occurrence
prediction: 8/21, non-occurrence prediction: 93/94 and
overall: 101/115) when the value of c is 0, which means
the information added to the input factor is only the
landslide area. As compared with the results in Table III,
the accuracy of the model outputs for the occurrence
of debris flows prediction has increased, indicating that
the probability of the occurrence of debris flows was
actually affected by the landslide area. Moreover, the
optimal value for the constant is 0Ð1 with occurrence
prediction: 13/21, non-occurrence prediction: 90/94 and
overall: 103/115 (89Ð6%), which resulted in an increase
of 4% in terms of overall accuracy and strongly enhanced
the occurrence of debris flows prediction from 5 records
to 13 records as compared with results in Table III.

Table II. Training results of the BPNN trained by data set 1

Training Model outputs Accuracy (%)

Non-occurrence Occurrence

Observations Non-occurrence 603 0 100
Occurrence 2 15 88

Overall accuracy D 618/620 D 99Ð7%

Note: The italicized values indicate the numbers of correct predictions.

Table III. Testing results of the BPNN trained by data set 1

Testing Model outputs Accuracy (%)

Non-occurrence Occurrence

Observations Non-occurrence 93 1 99
Occurrence 16 5 24

Overall accuracy D 98/115 D 85Ð3%

Note: The italicized values indicate the numbers of correct predictions.
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Figure 5. The critical rainfall for triggering debris flows in each sub-basin
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Figure 6. The model accuracy of BPNN trained by data set 2

Results obtained above demonstrated an important fact
that the landslide phenomenon did contribute to the
soil and rock deposits, and therefore accelerated the
occurrence of debris flows. Besides, the requirement of
quantity for rainfall-induced debris flows was reduced
over this region. The critical rainfall for triggering debris
flows in each sub-basin after the Chi-Chi earthquake
has been calculated as shown in Figure 5. Basically, the
critical rainfall required to touch off debris flows has been
reduced at least 110 mm than that of before. The results
are similar to that of Lin et al. (2004) and imply the
debris flows may occur not only during torrential storm or
typhoon events but also light rains. Inspection of Figure 5
clearly indicates about 10 sub-basins where debris flows
occurred with less than half the rainfall that caused debris
flows before the Chi-Chi earthquake.

Performance of model trained with data set 2

Figure 6 and Tables IV and V illustrate the perfor-
mance of BPNN outputs that model parameters are

retrained with data set 2. Similarly, the training perfor-
mance on the prediction of non-occurrence is almost per-
fect, which only has one incorrect record and the overall
accuracy of training reaches 99Ð1%. Furthermore, the test-
ing results displayed in Table V show that the outcome
of occurrence prediction is exciting with an accuracy of
80% even though the testing samples consisted of data
observed before and after the Chi-Chi earthquake. By
retraining the BPNN, the overall accuracy in the testing
phase increased from 85Ð3 to 96Ð5% (see Tables III and
V). Particularly, the accuracy of occurrence prediction
strongly increased from 24 to 80%. The results demon-
strated that the BPNN is capable of learning the complex
mechanism of debris flows events and producing satis-
factory predictions.

In fact, there are five occurrence records obtained from
two locations that cannot be identified no matter whether
the data are arranged in training or testing phases.
Table VI shows these five data and their corresponding
ER. It is surprising that the amount of rainfall for
triggering debris flows is much less (under 45 mm)
than the critical values (Figure 5). Before the Chi-Chi
earthquake, the rainfall required for causing debris flows
was 220 mm and 300 mm over Fongciou and Sin Sing
areas, respectively. However, the truth is that the debris
flows now can occur with only less than one fourth of
the original critical rainfall. This means that the deposits
resulting from a landslide over these areas are quite loose
and unstable and debris flows can be initiated with a small
amount of rainfall. Furthermore, before the earthquake,
the recurrence time of a debris flow in this area was
greater than 5 years, whereas these five records occurred
within 15 months since the earthquake. Hence, further
investigation on the variations of debris flows and their
mechanism over the watershed is required.

CONCLUSIONS

The study area, Chen-Yu-Lan river watershed, possesses
three essential factors in the occurrence of debris flows:
sufficient rainfall, sufficient deposits and sufficient slope.
In the aftermath of the destructive Chi-Chi earthquake
on 21st September, 1999, the study area was further
devastated by enormous debris flows that are likely
to strike the same region in the future. Therefore, an
effective and accurate debris flow warning system is
extremely important to provide time for rescuing human
life and property. The present study investigated the

Table IV. Training results of the BPNN trained by data set 2

Training Model outputs Accuracy (%)

Non-occurrence Occurrence

Observations Non-occurrence 668 1 99Ð9
Occurrence 6 24 80

Overall accuracy D 692/699 D 99Ð1%

Note: The italicized values indicate the numbers of correct predictions.
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Table V. Testing results of the BPNN trained by data set 2

Testing Model outputs Accuracy (%)

Non-occurrence Occurrence

Observations Non-occurrence 424 13 97
Occurrence 3 12 80

Overall accuracy D 436/452 D 96Ð5%

Note: The italicized values indicate the numbers of correct predictions.

earthquake’s impact on the mechanism of the occurrence
of debris flows and constructed a reliable ANN model
for debris flows prediction. To construct a stable and
reliable model for accurately predicting debris flows in
the Chen-Yu-Lan river watershed, six factors related to
its occurrence were chosen in terms of geomorphologic
and hydrological influences.

Two training data sets, i.e. (1) before the Chi-Chi
earthquake and (2) lumped before and after the earth-
quake, were given for calibrating the BPNN parameters.
Performance from model trained with data set 1 indicated
that the Chi-Chi earthquake significantly changed both
topographical and hydrological conditions that resulted in
the debris flows that have frequently occurred over this
area. It was also shown that the consideration of landslide
area as additional input information effectively increased
the accuracy of BPNN predictions. Another important
finding is that after the earthquake, the critical rainfall for
initiating debris flows was reduced to about half of origi-
nal critical rainfall. Results obtained from a model trained
with data set 2 demonstrated that the constructed BPNN
model was capable of learning the complex mechanism
of debris flows events. The overall accuracy in testing
phase reached 96Ð5%, including an accuracy of 97% for
non-occurrence predictions and an accuracy of 80% for
occurrence predictions. Therefore, the present model has
been proven to successfully predict both occurrence and
non-occurrence of debris flows.

The condition that triggers debris flow changes gradu-
ally as time passes after the earthquake. Before the Chi-
Chi earthquake, the typhoon-induced debris flows only
occur when the typhoons accompany huge amount of
rainfall, whereas the debris flows could easily occur after
earthquake even though the rainfall is not heavy. The
accumulation of rainfall for triggering debris flows has
abnormally reduced, and the amount of deposits and size
of landslide area are likely proportional to the probability
of debris flows occurrences. As time passes, if there are

Table VI. Date and effective cumulative rainfall of unpredictable
records

Location Effective cumulative rainfall (mm) Date

Fongciou 43Ð2 1.5.2000
Fongciou 44Ð4 20.7.2001
Sin Sing 39Ð9 28.4.2000
Sin Sing 27Ð4 2.5.2000
Sin Sing 36Ð5 20.7.2001

no more deposits resulted from landslide or earthquake,
the amount of deposits will gradually reduce until the
deposits are insufficient to form a debris flow. The topo-
graphical condition of the watershed will also gradually
stabilize to that of before earthquake. Consequently, re-
training the model with updating input variables is more
suitable for predicting debris flows within a short period
after earthquake.
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