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Abstract: In the 1990s, several studies have been undertaken to determine whether the hydrelogic regime in
Canada and the United States has changed over time. The purpose has been to detect the presence of shifis or
trends in streamflow sequences through the use of common univariate statistical tests. This paper shows that
the Kohonen neural network and fuzzy c-means approaches can be used for the detection of shifis and trends
in data sequences. A performance analysis based on synthetic data samples, with properties that are similar to
those found in natural streamflow sequences recorded in Canada, is accomplished te analyze the value of the
conventional statistical tests, the Kohonen network and the fuzzy c-means approach for the detection of shifts
and trends. The results show that all technigues perform similarly. All techniques perform very poorly when
the coefficient of variation of the data set is very high or when the shift or the rend is very small. However,
unlike the statistical tests, improvement of the performance is likely with the Kohonen network and fuzzy c-
means using multiple types of inputs,
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1. INTRODUCTION though the statistical properties of the individuals
£ prop
in the sequence constantly evolve. Indeed, subsets
of continuous data can be formed so that the
variability of each subset is smaller than the
variability of the whole sequence, and this is the
basic objective of any clustering technique in trend
analysis, Among the various clustering techniques,
the Kohonen neural network and fuzzy c-means
approaches, originating from the development of
the statistical propertiss of the inflow sequences artificial intelligence technigues, are among the
. . ’ most recently developed ones and have been
and (2) trends, which represent contingous . L. .
- I ' . . applied for the definition of homogeneous
variations of the statistical properties over time. . . ) .
. - hydrologic regions [Hall and Minns, 1999]. This
Conventional statistical tests, such as the Mann- h . for identifyi
Whimey, Mann-Kendall and Spearman tests, have paper develops these techniques for identifying
been use: 4 in several studies in order to deta;nnine shifis and trends in hydrometric data sequences and
. T - compares their performance with that  of
the presence of shifts or trends in hydrometric data convpe ntional s tatistisql rests )
sequences {rom measurement networks in Canada - '

Anthropogenic and natural changes can infiuence
the water inflow regime produced on watersheds
over tima. As a water resource system analyst, it is
important to be aware of such long-term influences
or patterns in order to estimate water availability as
accurately as possible. The common practice is to
divide these long-term patterns into two categories:
(1) shifts, which are sudden changes over time in

[Yulianti and Burn, 1998, Zhang et al., 20017 and In this paper, statistical tests and artificial
the United States {Lettenmaier et al., 1994; Lins intelligence techniques for the detection of shifls
and Slack, 19991. and trends are described firstt Then the

. . . . . . erformance of these techniques are evaluated
With shifts, the task is to identify the various bet , e au o

: using synthetic data samples, with properties that
clusters present in the data sequence. Each cluster e ‘ L

: vary within the range of those from historical
represents a subset of continuous data between two hvd . .
A e . ydrometric records in Canada,

shifts in the sequence, and the individuals in each
subset are assumed to come from the same
population, With trends, the goal can also be to
separate the data sequence imfo clusters even
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2. CONMNVENTICONAL TESTS

A brief description of each test is presented in this
paper. The Student’s test on the mean is a standard
test of hypotheses that can be found in any
statistical textbook. The other three tests are less
common, but detailed descriptions can be found in
Conover [1980] or Salas [1993)].

2.1 Tests for Shifts

Either the Student’s or the Mann-Whitney tests can
be used for detecting shifts. Given a sample of
individuals vy, r = 1, ..., &, divided into two
continuous sub-samples of size ny and #, (o, =
N), both tests assume & null hypothesis stating that
both sub-samples come from the same population.
With the Student’s test, the null hypothesis is
rejected if the absolute value of the standardized
difference of the means of the sub-samples is
greater than 7')..n,, which is the 1-o/2 quantile of
the Student’s distribation, with v = N-2 degrees of
freedom and « as the significance level of the test.
With the Mann-Whitney test, the whole sample is
sorted in ascending order, and the mean {R) of the
position in the sorted sequence of the individuals
of the first sub-sample is caiculated. This value of
R is standardized, and the null hypothesis is
rejected if this absolute standardized value is
greater than u,.,», which is the 1-a/2 quantile of
the standard normeal distribution, with « as the
significance level of the test.

For both tests, the location of the shift and
consequently the size of »; and », are assumed o
be known. When they are not, the solution is to
apply the test at all potential shift locations, and to
assume that the shift actually oceurs at the location
of the largest test value above the value of Ty,
OF Uy, TESPECtively.

2.2 Tests for Trends

Either the Mann-Kendall or the Spearman tests can
be used for detecting trends. Given a sample of
individuals y,, ¢ = 1, ..., N, both tests assume a null
hypothesis stating that there is no trend in the
sample. The Mann-Kendall test considers the
gradient between each individual y, ¢ = 1, ..., N-1,
and all the subsequent individuals y,, "= #+1, ...,
A, in the sampie. The value of the sum of the
number of positive gradients minus the sum of the
number of negative gradients is calculated, and
standardized. The null hypothesis is rejected if the
absolute standardized value iz greater than .z,
which is the 1-&/2 gquantile of the standard normal
distribution, with « as the significance level of the
test. With the Spearman test, the sum of the

difference between the actual position of each
individual in the sample, and its position in the
sample when it is sorted in ascending order, is
performed. This sum is standardized, and the null
hypothesis is rejected if the absolute standardized
value is greater than py. -, which is the 1-o/2
quantile of the probability distribution related to
the Spearman test, with « as the significance level
of the test. The distribution can be found in
Conover [1980].

The resulis of the Mann-Kendall test can be
affected if the sample exhibits a significant auto-
correlation. The solution is therefore to perform
the test on a pre-whitened sampie, Assuming that o
is the lag-1 auto-correlation, then the pre-whitened
sample is 39-2vy, ..., YiVns- [T s suggested that
one should pre-whiten the sample if p> 0.1 [Zhang
etal, 2001].

3. ARTIFICIAL INTELLIGENCE TECHNI-
QUES

3.1 Kohonen Metwork

A comprehensive description of the Kohonen
network can be found in Kohonen [1996]. Such a
network is made of an input layer that receives the
data and of an output layer composed of several
neurons often structured in a two dimensional
plane. The weight vector (w) of each neuron in the
cutput layer is calibrated through an unsupervised
learning process to respond to specific input
patterns. In the [earning process the weight vectors
are updated as follows:

w:,!+lﬁl(x[—wi.1) ifie N, ;

w:,Hi W“, if‘lﬁ N[ ( )
where / is the subscript identifying the neurons in
the output layer, / is the calibration step, and x; is
the input vector coming from the input layer.
Element &, represents the neighborhood set, which
is centered at the winning neuron at step / in the
calibration process and defines all the neurons
whose weighis must be adjusted. Parameter 5 is
the learning rate, which indicates how much the
weights adapt to the input. The weights are on the
same scale as the input vector, which means that
each neuron of the output layer can be considered
as a cluster whose centroid is defined by ifs
associated weight vector. The calibration process
also tends to structure the cutput layer so that the
input pattern can be defined in some meaningful
coordinate system [Kohonen, 1990], which is why
the Kohonen network is also called a self-
organizing map.
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As explained in Section 3.3, the application in this
paper takes advantage of the mapping properties of
the Kohonen network. From the weights attributed
to the neurons on the output map, it is possible to
differentiate individuals of a data sample if they
come {rom different populations.

3.2 Fuzzy c-means

A detailed description of the fuzzy c-means
approach can be found in Ross {1995] It is an
unsupervised clustering technigue which, during
the calibration process, allows the input vectors to
be attributed to several if not all clusters as defined
by a degree of membership. Indeed, given X input
vectors and C possible clusters, an input vector x;
is associated with a cluster ¢ with some a

membership value g, The objective is to
minimize the function:

K _ ,
F=3%>u,),) @

where d, is the distance between input vector &
and cluster center ¢, and # is a weighting parameter
controlling the amount of fuzziness in the process
of classification. The value of r generally varies
between 1.25 and 2. The values of the cluster
centers are functions of the sum of the input
vectors weighted by their respective membership
values, and the membership values are updated
with respects to the distances (dy during the
process of minimizing function £

If the optimal clusters are ordered by the value of
the cluster center, then both artificial intelligence
techniques are identical. The output neuron in the
Kohonen network is similar to a cluster in fuzzy c-
means, and vice-versa. Thus, for both approaches
similar procedures can be employed to detect shifts
and trends, as detailed in Section 3.3,

3.3 Applicability of the Kohonen Network and
Fuzzy e-means

The purpose of ciustering techniques is 1o classify
the individuals of a data sample with respect to
some given features. Consider a data sample made
of individuals coming from two different
populations as would be the case if there were a
shift. If this data sample were used to calibrate a
Kohonen network or fuzzy c-means clusters, it
would be expected from the calibration process
that the individuals from the first popualation
activate a particular region of neurons on the map
or specific clusters, while the individuals from the
other population activaie other neurons or clusters.
On the Kohonen network map, the centroids of the
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regions affected by each population can be
calculated the same way centroids can be
determined on a topographic map, and the distance
between centroids thus becomes an indicator of the
magnitude of the shift. Similarly, if the cluster in
fuzzy c-means can be ordered to form a map, then
centroids and distances can aiso be determined.
Employed as such, the Kohonen network and fuzzy
c-means approach perform exactly the same
function as the Student’s and Mann-Whitney tests
whose goals are also to provide a measure of the
distance that differentiates two populations.

For ail techniques, tests and artificial intelligence
techniques, if the location of the shift in the data
set is not known, the strategy is to verify all
potential locations, and the one that produces the
largest distance is assumed to be the actual location
of the shift. Also, it must be noted that if therg is no
shift at ali in the data set, then all technigues
should produce distances equal to zero at all
potential locations.

With trends, it is assumed that features in the data
sample constantly vary over time. This is the
equivalent of having shifis at all possibie locations
on the data sample. Under this circumstance, all
technigues employed for the detection of shifts
would provide distances that are greater than zero
for all potential iocations. One may also judge the
presence of trends with the Kohonen network and
fuzzy c-means by verifying how the individuals of
the data sample are grouped in each neuron and
cluster. Indeed, if either technique were calibrated
for data that fall on a curve, then the chosen
weights would assign each neuron or cluster ic
onty a specific part of that carve. Similarly, with a
data set that represents the record of a trend over
time, each neuron or cluster should be activated by
the data coming from a specific period of time. The
Mann-Kendall and Spearman tests evaluate how
each individual in the data set ranks with respect to
the other individuals, which is a task equivalent to
checking how the individuals are grouped within
neurons and clusters in the Kohonen network and
fuizzy c-means, respectively.

A minor disadvantage of the use of artificial
intelligence techniques for the detection of shilts or
trends i3 that there is no decision criterion such as
those with the conventional statistical tests {o say,
with some degree of confidence, whether or not
there is a shift or a trend. However such criteria are
only indicative, and the resuits in this paper show
that such decision criteria are somewhat unreliable
for either the detection of shifts or trends or the
detaction of no-shift or no-trend.

The advantage of these artificial intellipence
techniques is that, uniike the statistical tests



presented here, multivariate input cases can be
addressed. Indeed, only one type of inputs, such as
a sequence of annual streamflow peaks or of
annual streamflow means, can be evaluated with
the statistical tests. With the Kohonen network and
fuzzy c-means, more than one type of input can be
used. For example, both floed peaks and flood
volumes are normally needed in flood routing
analysis leading to the design of spillway gates on
a dam. Nomally, a hydrograph with a
representative shape, as defined by its peak and
volume, is chosen from the streamflow records and
used in the routing analysis. Of course, shifis and
trends can affect the shape of the hydrographs in
the records, and could be noticed only if both the
peaks and volumes are considered together. The
domains of hydrology and water resocurces include
many other multivariate input cases that could be
handled only with multivariate  clustering
techniques such as those presented here to detect of
shifts and trends.

4. APPLICATION CONTEXT

Monte-Carlo simulations are used to generate
synthetic data to determine the value of all
statistical  fests and  atificial  intelligence
techniques. The behavior of each method is
evaluated with respect to (1) the length of the data
samples, (2} the mean and the coefficient of
variation of the data samples, and (3) the amplitude
of the shifts or trends imposed on the data samples.
These characteristics are set to represent those of
natural streamflow records found in Canada. More
precisely, these characteristics can represent annual
streamflow peak and mean sequences, or seasonal
streamflow peak and mean sequences.

A total of 60,000 univariate data samples are
created randomiy, half of them corrupted with
shifts (one per set) and the other half corrupted
with trends, either continuously upward or
downward for the whole length of each sample. For
both shifts and trends, there is an equal number of
20+, 50- or 100-individual data samples, while the
mean and the coefficient of variation vary equally
between 1 and 20,000 and between 0.05 and 0.3,
respectively, With data samples created for shifts,
the amplitude of the shift is equally sither (%, 1%,
3%, 5%, 10%, 15% or 30%, while the location of
the shift can be anywhere on the sel gxcept within
the first and last five individuals. With data
samples created for trends, the trend is equally
gither downward or upward and its amplitude is
equally either 0%/yr, 0.02%/yr, 0.06%/yr, 0.1%/yr,
0.2%/vr, 0.3%/yr, or 0.5%/yr.

As indicated in Section 2.2, the Mann-Kendall test
is used on pre-whitened samples if the lag-one

auto-correlation value of the sample is higher than
0.1. The number of output neurons in the Kohonen
network and the number of clusters in the fuzzy c-
means approach must be set in advance, and of
course these numbers cannot exceed the number of
individuals of the samples. A total of 4, 16 and 20
neurons or clusters are employed for the 20-, 50-
and 100-individual samples, respectively. The
neurons are structwred in line on the output layer,
while the clusters are ordered with respect to the
value of their cluster center.

5 RESULTS
2.} Validity of Statistical Tests

Figures 1 and 2 illustrate the relatively poor
efficiency of the conventional statistical tests with
the types of data used here. The decision criteria
for all of these test resulis are based on a
significance level of 10%. Figure 1 shows the
success rate of the criterion for the Mann-Whitney
test to detect a shift when there is actually one
{M 5 in the figure) and to deiect no-shift when
there is actually none {M NS), as well as the
success rate of the criterion for the Student’s test to
detect 2 shift (S S} or no-shift (S NG). Figure 2
presents similar results for trends, that is, the
Mann-Kendall test detecting an actual trend (M T}
and no-trend (M NT), and the Spearman test
detecting an actual trend (S T) and no-trend
{S_NT).
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Figure 1. Success rates of the detection of shifts
and the detection of no-shift with the Mann-
Whitney and Student’s tasts.

As a whole, these success rates can be considered
jow in most cases. Only the success rates for the
detection of no-trend by the Mann-Kendall and
Spearman tests are above 90% at all times. This
demonstrates that the use of decision criteria for
the statistical tests for the detection of shifts or
trends and the detection of no-shift or no-trend is
somewhat unreliable.
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Figure 2. Success rates of the detection of trends
and the detection of no-trend with the Mann-
Whitney and Student’s tests.

5.2 Amnalysis of Shifts

With all techniques, it is assumed that the location,
among all potential sites, for which the techniques
produce the greatest distance between centroids is
considered as the actual location of the shift. Based
on that asswmption, all techniques behave
similarly, and detect the location of the shift
exactly only 20%, 16% and 14% of the time for the
20-, 50- and 100-individual samples, respectively.
If one is content to know the location of the shift
within +5 time-steps, then the success rates
increase to 85%, 50% and 40%, respectively. The
success rate decreases as the sample size increases,
because the number of potential iocations of shifis
increases with the sampie size, thus increasing the
potential to choose an erroneous location,

All techniques are insensitive to the mean of the
sample. This is because they all consider the
differences between values of the individuals in the
sample so that the size of the mean has no effect.
The performance of afl techniques decreases as the
coefficient of variation increases. That is, # is
easier to detect a shift when the individuals in the
sample are relatively close to a mean value than if
the individuals are not. As expected, the
performance of all techniques increases as the
amplitude of the shift increases.

The entire set of data samples can be divided into
four subsets based on the results of the statistical
tests: the subset of samples corrupted with shifts
and identificd by the statistical tests as corrupted
(C:C), the subset of corrupted samples identified as
uncorrupted by the tests (C:NC), the subset of
uncorrupted samples identified as wuncorrupted
{NC:NC), and the subsst of uncorrupted samples
and identified as corrupted (NC:C). In this study
the properties of the distances between centroids
obtained with the artificial inteliigence techniques
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are examined graphically for each of these data
subsets. Figure 3 is a typical graph used of these
results. It shows the mean of the maximum distance
for each subset with respect to the mean of the
sample, as derived from the Kohonen network for
samples with 100 individuals
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Figure 3. Mean of the maximum distance with
respect to the mean of the sample, as derived from

the Kohonen network with 100-individual samples.

This example shows that subsets C:NC and NC:NC
have identical mean maximum distance, and this
means that the Kohonen network cannot correctly
diagnose shifts for samples of subset CINC
because the distance properties of this subset are
similar to those of subset NC:NC. The mean
maximum distance for subset NC:C is different
from that of any other subset. This means that,
unlike the statistical tests, the Kohonen network
can potentially diagnose no-shift for samples of
subset NC:C. The accuracy of this diagnosis is of
course sensitive to the standard deviation of the
maximum distance for each subset.

Graphs such as Figure 3 have been produced to
compare the distance properties (maximum values,
means and standard deviations) obtained with the
artificial intelligence techniques with respect to the
mean, coefficient of wvariation and size of the
samples, as weil as the amplitude of the shift. The
conglusions are that: (1) subset C:C has distinct
properties that clearly differentiate it from the other
subsets; (2) like the statistical tests, the artificial
intelligence techniques cannot distinguish subsets
NC:NC and C:NC; (3) unlike the statistical tests,
the properties of subset C:NC are distinct from
those of the other subsets, making it possibie to
correctly diagnose a no-shift situation.

5.3 Analysis of Trends

in brief, all techniques behave similarly. They are
all insensitive to the mean of the sample becanse
they all consider the differences between values in



the sample and therefore the mean does not matter,
The success rate decreases as the coefficient of
variation increases and it increases as the
amplitude of the trend increases. The success rate
increases as the sample size increases because the
trend 1s defined by a rate of increase or decrease of
the sample mean per vear, which means that the
overall trend is more significant when the sample
size is large and therefore is casier to detect.

With the artificial intelligence techniques, the
properties of the distances have also been analyzed
graphically. In this analysis, & case is commupted if a
trend s present in the data sample. The
conciusions are identical to those provided above
for shifts, that is: (1) the properties of subset C:C
are clearly different from those of the other
subsets; {2} subsets C:NC and NC:NC have similar
properties and therefore cannot be differentiated;
{3} subset NC:C have distinct properties, making it
possible to correctly diagnose a no-trend situation.

in this application, it is known a priori which
samples are corrupted with a shift and which ones
are corrupted with a trend. When this information
is not known, it must be puessed using these
technigues, and it appears that, in their present
form, the Kohonen network and fuzzy c-means are
not accurate enough to make the distinction
between a shift or trend when either one of them is
present in the data sample. Indeed, the distance and
clustering properties are quite similar when a shift
or a trend is present. The fact is that statistical tests
are not immune from this default either. When a
shift or a trend is present, it is highly possible that
both statistical tests for shifts and trends respond
positively at the same time. However, unlike
statistical tests, the Kohonen network and fuzzy c-
means offer room for improvement since they can
accommodate multiple types of inputs, In further
developments, the task is therefore to examine the
advantages of this feature.

& CONCLUDING REMARKS

The results presented in this paper show that the
statistical tests that have been used commonly for
the detection of shifis or trends are not totally
reliable under any circumstance, They can be
considered as performing poorly when the
coefficient of variation of the data sample is high
and when the amplitude of the shift or the trend is
small. For the purpose of studying inflow regimes
in watersheds, such tests can likely be used on
annual inflow means since the coefficient of
variation for such data is usually low. It is
debatable whether it would be prudent to use these
tests on annual inflow peaks since the coefficient
of variation of such data is sometimes very high.

As for the amplitude of the shift or the wend, one
can never know this in advance. [t would be highly
desirable to have a technique that is able to reliably
detect shifis and trends of low amplitude. An
overall 3% change of the mean in the inflow
regime can already make the difference between a
profitable and non-profitable water resources
project, and no method performs very wetl for this
kind of amplitude.

The artificial inteiligence techniques developed for
this paper for the detection of shifis and trends
replicate the behavior of the usual statistical tests,
and therefore produce similar results to these tests.
However, iheir capacity to accommodate multiple
types of inputs may offer some advantage.
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