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Overview
 Water Resources Management


The problem of tracking water

 Storm-water runoff


Measurement and prediction

 LS-SVM evaluation


Prediction capabilities

Storm-water Runoff
 A “watershed” is an area or

region drained by a river, river
system, or other body of water.
 Storm-water runoff is an
unpredictable source of water
around cities with ever
changing landscapes.
 Urban development changes
this local watershed drastically,
so monitoring and managing a
complex system of water
sources and reservoirs is
difficult.

Measuring Runoff
 Tracking and measuring

the storm-water runoff is
done in many different
ways.
 In our research we are
focusing on gage height
and discharge data from
the USGS.
 Being able to reliably
predict such values would
be helpful to those tasked
with managing water for a
large population.

Least Squares
 The method of least squares is a regression analysis tool

that can be used to fit a set of data points to a “best fit”
line or curve.
 The “residual” is the difference at each data point
between the predicted data and observed data.
 The least squares method comes into play within LSSVM when the sum of the squared residuals are
compared, the “least” being selected as the best.

Support Vector Machines
 SVMs are supervised learning

models that are able to recognize
patterns within data sets.
 Support vectors are the data

points that lie closest to the
decision surface.
 In the above example, the support vectors are the vectors for

which:

Least Squares Support Vector
Machines
 The main drawback of SVM is

a higher computational
burden due to the constrained
optimization programming.
 Using LS-SVM, you can avoid
the quadratic programming
problem and solve linear
equations instead.
 LS-SVM is ideal for large data
sets.

SVM
model

LS-SVM
model
(improved
prediction)

yi = 1 for blue data points and
yi = -1 for red points.

Least Squares Support Vector
LS-SVM utilizes standard
Machines
The primal minimization
problem is reformulated as
follows:

Given the following constraints:

support vector machine
methodology, but
simplifies using least
squares constraints.

Where γ and ω are
hyper-parameters used
to tune the amount of
regularization vs. sum
squared error.

Predicting Runoff
 We were tasked with

developing a system
using LS-SVM to predict
future storm-water
discharge levels, using
the data from the past as
a guide.
 Matlab was our main
tool, and within that we
used the Least Squares
Support Vector Machine
toolbox and time-series
data from the USGS.

Predicting Runoff
 In our case the LS-SVM

algorithm functions as follows:
 We input subsets of the USGS

data into training and testing
sets.
 Using commands from the
toolbox we ‘tune’ the
algorithm to evaluate the data
and learn the values to update
coefficients with each pass.
 Eventually it develops a
prediction for future data.

Time-Series Data
 We used time-series

data, which is any set
of data that is taken at
regular intervals of
time.
 It must be loaded into
Matlab specifically as a
time-series set, but
then can be
manipulated with the
LS-SVM toolbox to
form predictions for
future data.

LS-SVM Toolbox
 First we evaluated the

LS-SVM toolbox and its
functionality.
 To do this we used a
combination of
sample/random
generated data and water
data from the USGS.

LS-SVM
 We begin by

entering sample
data into sets ‘X’
and ‘Y’
 ‘tunelssvm’ function
tunes the training
data set and finds
initial values for
‘gamma’ and ‘sigma
squared’ as shown
at right:

LS-SVM
 Next, ‘trainlssvm’
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function determines
values for ‘alpha’ and
‘b’
 Once these values are
calculated, ‘plotlssvm’
can be invoked to
generate a function
estimation of the data
set as shown at right:

function estimation using LS-SVM RBF
2
=23.4308, =0.14322

1

0.5

0

-0.5
-1

-0.8

-0.6

-0.4

-0.2

0
X

0.2

0.4

0.6

0.8

1

LS-SVM

function estimation using LS-SVM RBF
2
=4.5809, =0.28161
1.2
1
0.8

 Next we examine the

0.4

and its 95% (2 ) error bands
2
LS-SVMRBF
=4.5809,  =0.28161
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LS-SVM error bar
function which
determines the
accuracy of its own
predictions.
 Data sets are loaded
into Matlab, then by
using the ‘lssvm’ and
‘by_errorbar’
functions, we generate
an estimation and its
associated error bar:
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Red lines signify 95% error
bar, or within those lines lie
95% of the data points.

LS-SVM / USGS Water Data
Discharge vs. Gage Height
1000

 To the right is our

USGS dataset, with
gage height in blue
and discharge in
red, scaled by 100
to show both on the
same graph:

Gage Height
Discharge (x100)

900
800
700
600
500
400
300
200
100
0

0

0.5

1

1.5

2

2.5

3

3.5
4

x 10

LS-SVM / USGS Water Data
 After loading a subset

of the USGS data into
Matlab variable ‘Y’, we
input it into the
‘tunelssvm’ command,
generating the values
of ‘gamma’ and ‘sigma
squared’ with output
shown at right after 10
iterations:

LS-SVM / USGS Water Data
LS-SVMRBF
2
=18559.2011, =0.00037902

 Next we use the

LS-SVM Prediction
USGS Data Points
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‘predlssvm’ or LS-SVM
prediction function to
predict future data.
 The algorithm uses the
previously tuned values
of ‘gamma’ and ‘sigma
squared’ as input, and
generates the plot at
right as output:
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