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APPLICATION OF OPTIMAL FILTERING FOR

STREAMFLOW FORECASTING

VINAY KANTAMNENI
ABSTRACT

This thesis describes the development of a streamflow forecastidgl based on the
Sacramento Soil Moisture Accounting Model and applies optimalifigdechniques to
sequentially update watershed-scale soil moisture state vatu@sptove streamflow
predictions. In general hydrology is the study of the waters ofafth,eespecially with
relation to the effects of precipitation and evaporation upon the occeragccharacter
of water in streams, lakes and water on or below the land suifaeeSacramento soll
moisture accounting model is a hydrologic simulation model developed hyati@nal
Weather Service, and used throughout the nation for operational stredomasting.
In continuous hydrologic simulation, the accumulation and propagation of enrors
estimated values of the model states can degrade the qualttgarhBow predictions.
This research explores the use of robust filtering techniques pgoowe streamflow
forecasting through state updating of the National Weather SenSeeramento Soll
Moisture Accounting model. Kalman and H-infinity filters are usedupdate daily
estimates of the water content in model states representtegsivad-scale soil moisture
storage. Updated soil moisture storages are then used to predicstceamflow. The
output from the estimators is then compared with the model output widiate
updating, the simulation results from the National Weather Seandethe observed
streamflow. It is seen in this thesis that Kalman and H-igfiiltering provide improved

streamflow forecasting compared with existing methods.
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CHAPTER |

INTRODUCTION

Rainfall runoff models are basically lumped parameter, continuous ancepmtual
models [12]. These models are called lumped because they aggregaeal and
spatial variability into average state variables. Thesearentious as the state variables,
which are antecedent conditions, are continuously updated, and thereforbatteey
memory, which affects the system response at any time. Thessomceptual states,
which means we are representing abstractions of the dominant pscess specific
physical representations of processes active at any point in time or space.

Until the1l960s most of the model studies addressed single events. aféere
many hydrologic simulation models like unit hydrograph [1], storm respogils of
Nash and Dooge [2], HEC-1 [3], and Storm Water Management Model (8WK.
Most of these models are not concerned with the time continuous testirobthe flow,

but are concerned primarily with runoff volume and peak discharge. Otie ohost



significant conceptual time continuous, spatially lumped model is @thiWatershed
Model [5]. It produces a daily flow estimate from daily rainfallhe continuous
development of this model has resulted in the Hydrologic Simulationrd®nodg].
Another version of the Stanford Watershed Model was developed by the détydrol
Research Laboratory of National Weather Service [7]. A largeberuraf conceptual
lumped models have been developed during the 1960’s and 1970’s; some interesting one
are described in [8, 9, 10]. The model that is used in this thedie iSacramento soil
moisture accounting model [19].

The Sacramento soil moisture accounting modelusnged parameter, continuous
conceptual modekhich is divided into six conceptual soil moistutatss, two inputs and
one outputStreamflow is computed by the Sacramento catchment model asstheaf
processing precipitation through an algorithm representing the uppeswibshantle
identified as the upper zone, and a deeper portion of the soil mantiwer2one. The
model utilizes a set of conceptual soil moisture storages of determiagllates, which
allow the system to approximate many of the soil moisture conditf@tscontrol the
production of streamflow. The storages are filled if sufficieaih roccurs, and their

contents are depleted by vertical percolation, evapotranspiration, and laterajalraina

The inputs of the system are derived from meteorological measntgnfrom
which streamflow is calculated. The results that are obtaired &alculation are then
compared with the known values of the flow. In order to predict thensfila, a known
set of data of inputs and the outputs from previous records are takemeariti¢ model
is initially calibrated to simulate the observed flow. The restiiait are obtained from

calculation have errors in it. These errors are due to measurementmodel errors,



calibration errors, aggregation of errors over time, and errotseinnput. In order to
make the model more accurate by better prediction, optimal fidféechniques are used
in this thesis.

The aim of this thesis is to implement optimal filtering teghes for the state
space form of Sacramento soil accounting model [12]. Here Kalmemiy [29] and H-
infinity filtering [31] are used and compared.

In order to understand how the filtering techniques can be useful éandtow
forecasting, we need to understand hydrology and the Sacramento soitagg model.
Chapter 2 discusses hydrology and explains the two different Satcaswgl accounting
models: the Sacramento soil moisture accounting model (SAC-SMA)and the state
space form of Sacramento soil moisture accounting model firsufated by Kitanidis
and Bras [14]. While the former model is widely used by the Natdredther Service,
the latter model is the state space form of the Sacrameitacsounting model, which
has a number of approximations and simplifying assumptions that are elateahand
explained in [14]. The Sacramento soil moisture accounting modelea@ast in state
space form (SS-SAC-SMA), specifically to make it possiblapply the Kalman filter
for state updating.

The Sacramento soil moisture accounting model calibration, implenoentz
channel routing model and snowmelt model are discussed in Chapter 3acraménto
soil moisture accounting model is associated with errors in mexasuat, model errors,
calibration errors, aggregation of errors over time, and errotseinnput. In order to

overcome the errors optimal filtering techniques are used. HéneaKdiltering [29] and



H-infinity filtering [31] are used. The details of the Kalmaltefi and H-infinity filter are

described in Chapter 4.

The results of this thesis are comparisons of the simulationarhatbtained by
the National Weather Service, and by the Kalman and H-infiniigrsilwith observed
daily streamflow at the USGS stream gauge for the DesglCGratershed at Mt. Sterling

are discussed in Chapter 5. Conclusions and future work are described in Chapter 6.



CHAPTER I

HYDROLOGY AND THE SACRAMENTO SOIL
MOISTURE ACCOUNTING MODEL

The Sacramento Soil Moisture Accounting Model (SAC-SMA) [19] he spatially
lumped parameter, continuous hydrologic simulation model used by the National
Weather Service (NWS) for river forecasting at the nation\geiRForecast Centers
(RFCs). The Sacramento model simulates the rainfall runoff ggeseof the land phase

of the hydrologic cycle. The model is referred to as a soil tmeisaccounting model
because it simulates the mass balance through which precipifpantitioned among
evapotranspiration, infiltration, runoff, and soil moisture storage. Tdaehis referred

to as a continuous soil moisture accounting model, because the mas® [sataulation

of the rainfall runoff process is updated on regular (in this thglg) time intervals,
maintaining a current estimate of watershed-scale soil meisisr the antecedent

conditions to predict streamflow.



This chapter deals with the following topics required to develop a flow
forecasting system:

1. Hydrology

2. The Sacramento model
3. Snowmelt models
4. Routing models

Section 2.1 gives an overview of the elements of hydrology. Section 2uasksc
how the Sacramento model is formulated, and presents its mathanegjications.
Section 2.3 discusses the implementation of a snowmelt model. Section 2 wittetis
formulation of a hydrologic routing model, and Section 2.5 gives a brieVieveof the

catchment on which the Sacramento model is implemented.

2.1 Hydrology

Hydrology is the study of the waters of the earth, especialkglation to the
effects of precipitation and evaporation on the occurrence and chaodohater in
streams and lakes, and water on or below the land surface. Figurevéslagbasic

depiction of the hydrologic cycle.
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Figure 2.1: Basic hydrologic cycle [17].

2.1.1 Precipitation

Precipitation [11] can be of many types. Meteorologists commonlinglissh
rainfall as convective or stratiform precipitation. Complex Wweaystems including
extratropical cyclones, thunderstorms, and orographic precipitationadjgreeamsist of a
mixture of both stratiform and convective precipitation [11]. It isidadly classified
according to the conditions that generate vertical air motion. Coomatprecipitation is
the normal precipitation that occurs in the Continent, especiallyrmmgr. Orographic
precipitation results from the mechanical lifting of moist horiabrir currents over
natural barriers such as mountain ranges. Cyclonic precipitatiags@iated with the
movement and lifting of air masses from high pressure to lowymesgegions.

Precipitation varies geographically, temporally and seasonallyal ToEcipitation is



distributed in numerous ways and when intercepted by vegetation and mragde
equivalent to the total precipitation for relatively small stor@sce interception storage
is filled, raindrops begin to fall from leaves and grass, whenrerwstored on these
surfaces eventually becomes depleted through evaporation. Precipiticimes the
ground in several ways. Some water fills depressions in imperviodaces and
eventually evaporates, and some water infiltrates the soil. Tha losses from
precipitation include interception, evaporation, depression storage amchtiofil. These

are defined as “losses” in the sense that they are not available to produce sadéce r

2.1.2 The Basic Water Balance Equation

Runoff = Rainfall — Evapotranspiration — Changes in soil moisture.
From the above equation it can be said that the rainfall in a eaticlamutilized

either by vegetation, evaporation, changes in soil moisture storage or runoff.

2.1.3 Evapotranspiration

Evapotranspiration is the water returned to the atmosphere by twesggece
evaporation and transpiration. Evaporation is the loss from open bodieseof suah as
lakes and reservoirs, wetlands, bare soil, and snow cover; transpisatienloss from
living plant tissues to air [11]. Factors other than the physicahctaistics of the water,
soil, snow, and plant surface also affect the evapotranspiration prodessmore
important factors include net solar radiation, surface area of opeesbaofdwater, wind
speed, density and type of vegetative cover, availability of soiltamejsroot depth,

reflective land-surface characteristics, and season of yearpotEaaspiration is



dependent primarily on the solar energy available to vaporize thes.iBcause of the
importance of solar energy, evapotranspiration also varies witbhdetiseason of year,
time of day, and cloud cover.

Another important climatic factor that contributes to evapotrangpiras wind
speed. Winds affect evapotranspiration by bringing heat energy intorean aad
removing the vaporized moisture. For example, a 5-mile-per-hour wirebses still-air
evapotranspiration by 20 percent relative to no wind; a 15-mile-per-hogr increases

still-air evapotranspiration by 50 percent [12].

2.1.4 Soil Moisture

Water is diffused in the soil. Water is found in the upper part ofzthvee of
aeration [11] from which it is returned to the atmosphere as waper by transpiration
from plants or by soil evaporation. Soil water also drains intorases base flow. There
are three basic types of soil moisture, which can potentiallyenfie catchment runoff
conditions.

1. Hygroscopic water. Hygroscopic water is found as a microscopic film of water
surrounding soil particles. This water is tightly bound to a soiliglarby molecular
forces so powerful that it is difficult for natural forces tonowe it [11]. Hygroscopic
water is bound to soil particles by adhesive forces that exceedr8kaé may be as
great as 10,000 bars [11]. (Recall that sea level pressure istequ@l3.2 millibars,
which is just about 1 bar.) The magnitude of hygroscopic soil moishargge is not only

a function of soil type and lower level soil moisture, but also a ifumatf dew point or



temperature at which atmospheric moisture condenses. Hygroscopicrmalees not
influence the streamflow.

2. Tension water. Tension water refers to the water that is held betweerpaditles
against the force of gravity. This water can be separatedtfrersoil and returned to the
atmosphere through the normal evapotranspiration process. Cohesive foneenlibe
films of hygroscopic water hold tension water. The binding pressurtterision water is
much less than hygroscopic water. This water can be removed thyiaiy or by plant
absorption, but cannot be removed by gravity. Plants extract thistwadagh their roots
until the soil capillary force (force holding water to the péajics equal to the extractive
force of the plant root. Beyond this point, the plant cannot pull water frenplant-
rooting zone; therefore, it wilts (called the wilting point). Tlotual volume of tension
water within the soil is determined by an interrelationship betvlee area’s climate, the
catchment’s soil types, and the characteristics of the plantsfonhich exists in the
catchment.

3. Free water. Free water is water that drains by the force of gravibe @amount of
water held in the soil after excess water has drainedleidake field capacity of the soil.
The field capacity of water in the soil is controlled by the sexture and the soill
structure. Soils dominated by clay-sized particles have morepoteal space in a unit
volume than soils dominated by sand. As a result, fine-grained soyishava higher
field capacities than coarse-grained soils. When soil particlése zone, are deficient
with tension water, those particles which are tension watenelgfiabsorb free water to

fulfill its tension water requirement.
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The relative components of hygroscopic, tension and free water, whcheca

held within the soil, vary with solil types, soil structure, and organic content.

2.1.5 Interception

When rainfall occurs, a portion of the falling precipitation mayaiensuspended
above the soil surface until trees and other vegetation, which caceptt@recipitation,
are sufficiently wet so that additional rainfall is transgdrto the ground surface. This
volume of water that is prevented from reaching the soil surfacalled the intercepted

water.

2.2 Sacramento Soil Moisture Accounting Model

The Sacramento soil moisture accounting model was developed by Bur@sh e
in 1973 [19] to forecast the river flow in the California-Nevada aegivhere the
antecedent approach was deficient.

The Sacramento soil moisture accounting modelusnped parameter, continuous,
conceptual hydrologic model which is divided int® sonceptual soil moisture states and
two inputs and one outpubtreamflow is computed by the Sacramento catchment model
as the result of processing precipitation through an algorithm espireg the uppermost
soil mantle identified as the upper zone and a deeper portion of the soil mantle or lower
zone. The model utilizes a set of conceptual soil moisture stodgdsterminable
capacities, which allow the system to approximate many of thensisture conditions

that control the production of streamflow. The storages are fillgdffficient rain should
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occur, and their contents are depleted by vertical percolation, evapoeatd lateral
drainage.

The streamflow forecasting model has two inputs to the systesan areal
precipitation and potential evapotranspiration (Here potential evapotaiapi which
can be estimated from pan evapotranspiration is different froml @stagotranspiration.
Potential evapotranspiration is the maximum evapotranspiration demandathade
satisfied. Here the factors affecting the evapotranspiration ateatdiscussed in the
previous section are not taken into consideration. Actual evapotranspirattogiven
area is less than potential evapotranspiration.). The six soil ureistates of the
Sacramento soil moisture accounting model are upper zone tension wygder zone
free water, lower zone tension water, lower zone free waterapyj lower zone free
water secondary and additional impervious water. The output of themsyiste
streamflow. Estimated time series of mean areal prec¢gitatand potential
evapotranspiration are the two input time series from which taarstlow is simulated.
The Sacramento soil moisture accounting model is continuous; based ioputsethe
states are updated and output is calculated. The simulated &ikeagonbvides an
estimate of streamflow observed at the watershed outlet.

In order to predict streamflow a historical streamflow and aretegical data are
used to calibrate the model, calibration is discussed in the negtechd@he model
simulated results have errors [13] including measurement errors| eroats, calibration
errors, aggregation of errors and errors in the input and the outputldntormake the
system more accurate, filtering techniques [13, 20] can be used te gpatats, and then

these updated states are used to calculate an updated foretasstwéamflow. Figure

12



2.2 shows the basic structure of the conceptual Sacramento soil ma@stgunting

model and its procedures.

E T Demand Precipitation Iyt
|34
nperins ] ] we | Diot Ruff
- Brey - ] o)
ET Pervions Area Irnpervious Area
Upper Zone
RS Surface
— - Ruoff =t
arsion Water L
iy E T - P
UZTW et Free Water
aue” zFW
g K
Interflowr
b  ET q_l 1
Pemolation
Zpex. Rexp Totdl
Chstrhtion
e ET //_____;\\ L C;}trflloﬂ:;l =+ Fmctin | Steanflow
|-FFREE FFREE
Lowa Zone
! !
: Free : Water g | Supleertal
Tendon Watert P10 3 Bt flow
— ET |+ W il
REERV
LITE
. Total .
Prirary et | Bseflo y| Jide SSfCe g
Baseflow Discharge

Figure 2.2: The structure of the Sacramento catchment model [18].
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2.2.1 Principle of Waterflow in Sacramento Soil Moigire Accounting

Model

When rainfall occurs over a catchment, precipitation, which falls dker
impervious areas such as rocks, hard soil, ponds, lakes, and streamategedieect
runoff. The remaining precipitation falls on pervious areas where rmbsthe
precipitation may infiltrate into the soil.

The Sacramento soil moisture accounting model divides the soil into two zones, namely:
1. Upper zone

2. Lower zone

This upper zone in the model is modeled as two conceptual soil mogsttes
(reservoirs), namely:

1. Upper zone tension water

2. Upper zone free water

The lower zone is again divided into three soil moisture contents, namely:

1. Lower zone tension water

2. Lower zone free water

a. Supplementary free water storage

b. Primary free water storage
When water gets into the upper zone the water is absorbed by thezoppesoil and
held as tension water, if tension water is deficient. When the woper tension water
requirements are met, i.e., when there is sufficient upper zonertemater, the water is
free to flow within the surface. This is called upper zone fragerm Percolation, the rate

of vertical drainage to deeper soils, is controlled by the contetiteofipper zone free

14



water and the deficiency of lower zone moisture volumes [19]. Therpedfpath for
moisture in upper zone free water is considered to be downward aslaperc
Horizontal flow in the form of interflow occurs only when the ratepoécipitation
exceeds the rate at which percolation can occur from the upperreengdter. When the
precipitation rate exceeds both the percolation rate and the maximenffiow drainage
capacity, then the upper zone free water capacity will be coshpfdled and the excess
precipitation will result in surface runoff. Percolation, the transff water from upper
soil to the lower soil, supplies moisture to three lower storameesz The water is
percolated from upper zone to lower zone where the water is absorbweel Iower zone
for its tension water requirements. Then this water is allowetidin by gravity, which
in turn increases the lower zone primary and secondary free water storages.

Free water storages fill simultaneously from percolated rwated drain
independently at different rates, producing a variable ground waessien. Lower zone
free water contributes to the base flow in that catchment. Tleefloasin the catchment
iIs maximum when both the lower zone free water storages atke@t maximum
capacities. When the soil moisture requirements are met, thesesainfall constitutes to
surface runoff and direct runoft.

Streamflow is computed by the Sacramento catchment model asstiie of
processing precipitation through an algorithm representing the uppesaiostantle as
the upper zone and a deeper portion of the soil mantle or lower layere 2.3 shows

the working model of Sacramento catchment model.
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Figure 2.3: Working model of Sacramento catchment model [18].

2.2.2 Five Basic Waterflows

The five water flows computed by the Sacramento model are as follows:
1. Direct runoff from permanent and temporary impervious areas.
2. Surface runoff due to precipitation occurring at a rate falséer percolation, and
interflow can take place when both upper zone storages are full.

3. Interflow resulting from the lateral drainage of free water storage.

16



4. Supplemental base flow.
5. Primary base flow.

The model utilizes a set of storages of determinable caaacitldch allow the
system to approximate many of the soil moisture conditions thatrm dontrol the
production of streamflow. The storages are filled if sufficieah roccurs, and their

contents depleted by vertical percolation, evaporation, and lateral drainage.

2.2.3 Mathematical Calculations

This section discusses the mathematical calculations involved fRaitramento
soil moisture accounting model (SAC-SMA) [19] which is used by theoNal Weather
Service for streamflow predictions, and the state space forrmov&i®ento soil moisture
accounting model (SS-SAC-SMA) [12, 14] for which optimal filterigghniques are
implemented. Sacramento soil moisture accounting model was riercéate space form
to obtain state space form of Sacramento soil moisture accountieigl,nspecifically to
make it possible to apply the Kalman filter [29] for state upda@igen below are the
mathematical calculations and variables involved in the Sacramemtom®isture
accounting model, which is used by the National Weather Service (NWS).

1. INTERFLOW =UZK * UZFWC

UZK is the upper zone free water storage depletion coefficient and

UZFWC is the volume of free water stored in the upper zone iaft@ediate

percolation requirements are met.

2. PBASE = ((LZFPM * LZPK) + (LZFSM * LZSK))

PBASE is the percolation base rate.

17



LZFPM is the maximum storage capacity of those Lower Zone Krater
primary.
LZPK is the depletion coefficient of Lower Zone Free water’s primary storag
LZFSM is the maximum storage capacity of those Lower Zone Krater
secondary.
LZSK is the depletion coefficient of Lower Zone Free watengp@ementary
storage.

3. MAXIMUM PERCOLATION RATE = PBASE*(1+2)

4. LZPD = PBASE (1 + z*f (DEWET}™H
LZPD is the Lower Zone percolation demand.
DEWET = 1 —(sum of lower zone contents) divided by (sum of lower zone
capacities).
REXP is the degree of wetting.
Z is proportional increase in percolation.

5. PERC =PBASE (1 + z*f (DEWET{F)* UZFWC / UZFWM
UZFWM is the maximum storage capacity of the Upper Zone Free water.
PERC is the percolation to lower zone.

6. Base flow= (VOLUME 1) * (DRAINAGE FACTOR)+(VOLUME 2)*(DRAINAGE
FACTOR)
VOLUME 1 is primary storage = LZFWPC.
VOLUME 2 is secondary storage = LZFWSC.

7. K =(Qpt/Qpoy"

K is daily recession coefficient of primary base flow.
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t is the number of days.

Qpo is discharge when recession occurs at the primary rate.

Qpt is discharge t days after Qpo when the recession is continues at primary rate
8. LZPK=1- K
9. LZFPM = QPMAX/LZPK

QPMAX is the maximum primary base flow.
10. PCITM is the increment of runoff produced by rainfall/the quantitgioffall, which

produced the runoff.

PCTIM is the fraction of catchment producing impervious runoff.
11. ADIMP = (EIA — PCTIM)/((TTC- IE)/TTC)

ADIMP is additional impervious area.

EIA is the effective impervious area.

TTC is the total tension water capacity.

IE is the intervening evapotranspiration during dry period.
The Sacramento model has been represented in state space tsetasd differential
equations [12]. The state space representation of the Sacramemtoistilre accounting
model makes a number of approximations and simplifying assumptions in torde
represent the model in state space form [14]. This model can bemais a system
having two inputs and six non-negative states. The state space fwmuda the
Sacramento model is developed in Kitanidis and Bras [14], and this nsotlether
refined in Bae and Georgakakos [12]. Optimal filtering techniqueapied to the state

space model.
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The system states are defined as follows:

X1 = upper zone tension water content

X2 = upper zone free water content

X3 = lower zone tension water content

X4 = lower zone primary free water content

X5 = lower zone secondary free water content

X = additional impervious storage

The inputs of the system are given as follows:

Up = mean areal precipitation

Ue = mean areal potential evapotranspiration demand

The differential equation for upper zone tension water element is given as:
ml
g X XA
dt X’ 'S
The differential equation for upper zone free walement is given as:
ml m2

u 1- - - dy Gt ey)

ax _
dt <, ]

A
Xy
The differential equation for lower zone tensiortevalement is given as:

dx, _ X, % X %
% _ca % q-pyr X g2 X A
dt l( +eyq) X02 ( pf ) X03 Lg Xol ){)1+ ){)3

The differential equation for lower zone primarytereelement is given as:

ax _ 4 % % X5 %
—=_d,x+ Cl+ey) = 1 (& 1 = AT P T |
dt |X4 C_I.( }ﬂ) on ( p ) XDZ q ){)5 )82

The differential equation for lower zone secondaager element is given as:
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m3

dx _ X, X X\ X,
—S = 1 2 1 (2 1 = 1 =)=~
ot %+ G+ ey) "3 @ p) 2. { C;X)S) %]

The differential equation for additional impervicaiea water element is given as:

2 m2 mlL

1-%2 X u-u-liL

The outputu. from the soil moisture accounting model, referrecés$ channel inflow per

unit time, is given by:

C

d,x,+d
U = duxz+ I)](f_i_/?] % - bl' bz)i_ L{Jb2+ Xi Y Xiol b1+
Xl ml )(2 m2 X6 2 XZ m2 )& ml
i 1-b- by & = 2 3 yp
Up X° X° ( 1 2)’ ){)3 ){32 )81 Up )

1 2

where

x°1is the upper zone tension water capacity .

x% is theupper zone free water capacity.

x’zis thelower zone tension water capacity.

x°4is thelower zone primary free water capacity.

x’sis thelower zone secondary free water capacity.

duis theupper zone instantaneous drainage coefficient.

d |is the lower zone primary instantaneous drainagéficeent.

d | is thelower zone secondary instantaneous drainage cieific
Is the parameter in percolation function.
Is the exponent in percolation function.

is the fraction of base flow not appearing in riftew.
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1 is the fraction of basin that becomes imperviob&nvtension water requirements are
met.

2 Is the fraction of basin presently impervious.
m is the exponent of upper zone tension water noatireservoir.
M, is the exponent of upper zone free water nonlinesgrvoir.

mgis the exponent of lower zone tension water noalimeservoir.

2.3 Snowmelt Model

Snowmelt is also a factor for the channel flownany northern catchment areas.
In Ohio most of the snowmelt occurs in winter amdlyespring. In this region accurate
estimates of snowmelt are important for streamflongcasting.

Snowmelt occurs when the snowpack gains enough theatduce the phase
change from solid to liquid water. The main souateenergy for snowmelt is solar
radiation. In colder climates the accumulation anelting of snow can significantly
influence the magnitude and timing in conversiorpigcipitation to runoff. Snow melts
only when the heat content of snow rises abovetainghreshold temperature. In order
to simulate the snowmelt, a showmelt model needbe tionplemented.

Snowmelt can be computed by using different modetshe most common ones
are temperature index models [21] and energy balamadels [22]. Temperature index
modelsrelate snowmelt to a simple index based on aip&ature and empirical melt
factorsthat vary with climate and land-use. Energy balammlels are based on the
physics of snowmelt and generally require a adadtialata that are often only partially

available.
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2.4 Channel Routing Model

The output of the Sacramento model is the averaggharge of water from the soil
to the streams over all the channels in the basidpes not take into account the
topography, the location, or the time it takes tfog water to flow to the streams from
land. It may take from a few hours to days forwraer to move in the channel system to
reach the watershed outlet. In order to considser ghchannel routing model is used. It is
like a storage tank that stores the output of ther&nento model and releases it slowly
based on the time required to discharge. This idateal as a set of linear reservoirs [12]
where the outflow from one reservoir is led to thieer reservoir.

Figure 2.4 gives an idealized representation ohchhrouting with a series of basic
idea of how linear reservoirs work. As the outfliram one reservoir is the inflow to the

other, the water that comes out of the channelimgumodel is delayed.
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Lireor sterage
FeSErvoirs

Figure 2.4: Cascade of linear reservoirs [23].

2.5 Problem Setting

The catchment that is used to implement the Sacremmmodel is located in the
southwestern part of Ohio and it is called Deere€rBasin, which is located in Madison
County, Ohio. For river basin simulation, this Imaisi considered a headwater basin with
no upstream watersheds and has no reservoirs, whaktes it easy to calibrate. The
basin is approximately 228 square miles in are#) wimean annual discharge of 200-
300 cubic feet/sec. It has a maximum potential etrapspiration of 5.7 inches in the
month of July and a minimum of 0.30 inches in thenth of January. The average
monthly temperature is below 32 in the winter. Figure 2.5 shows the exact locatb

the Deer Creek watershed basin location.
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Figure 2.5: Location of Deer Creek watershed [18].

Streamflow from Deer Creek watershed for the peffimin 1966 to 1981 is
recorded at the USGS stream gauge station numt#30880. Figure 2.6 shows the
average monthly precipitation, observed flow antepbal evaporation at the Deer Creek
watershed. In this watershed, precipitation takesnaximum value in the spring with
modest potential evapotranspiration (PET). Thagléeto highest levels of soil moisture
and, with some streamflow. In spring and summarethis a modest decline of
precipitation with minimum in summer, but very diggant increase in PET as
temperatures rise and vegetation blossoms. Thigdtsein declining soil moisture and
minimum streamflow. As temperatures cool, evapajpaation declines, plants become
dormant, PET declines, precipitation gradually éases and soil moisture and streamflow

recover in fall and winter, returning to maximumspring. As winter temperatures in
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Deer Creek watershed are frequently below freeangw and frozen precipitation are

significant factor in the timing of runoff.

Figure 2.6: Monthly averages of precipitation, @fved flow and potential evaporation.

The SAC-SMA is implemented by the NWS for the DEseek Watershed. As
this model is continuous, lumped model, the ernorthe internal states can accumulate.
In operational forecasting, the model states agpgically, manually adjusted to correct
the cumulative error. The manual self adjust isedbased on the experience of the
hydrologist. In order to make the model autonomditsring techniques are used in this
thesis. SAC-SMA was cast in state space form gpaltif to make it possible to apply
Kalman filtering for state updating. In this thedikinfinity filtering is introduced for the

SAC-SMA for the state updating and it is then coragawith the Kalman filter.
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CHAPTER Il

CALIBRATION AND SIMULATION OF THE MODEL

Lumped parameter, continuous, conceptual hydrolagmdels are widely used in
simulating catchment scale rainfall-runoff procesgé2]. The parameters of these
models cannot, in general, be determined directtpmf physical catchment
characteristics, and hence the parameter values meusstimated by calibration against
observed data.

This chapter describes parameter calibration amailgtion. Section 3.1 gives
details of basic guidelines for rainfall runoff medatalibration. Section 3.2 discusses the
calibration of Sacramento soil moisture accountimgel and the detailed calibration for
the Deer Creek Basin in Southwestern Ohio. Se@&i8rdiscusses the implementation of
a channel routing model with the Sacramento soiktuge accounting model. Section 3.4

studies the effect of implementing a snowmelt model
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3.1 Calibration

Calibrating rainfall-runoff models involves considgon of the following
objectives [24]:

1. A good agreement between the average observédsianulated catchment runoff
volume (i.e., a good water balance).

2. A good agreement with the overall shape of tteeoved hydrograph.

3. A good agreement of peak flows.

4. A good agreement of low flows.

In the calibration process, the different calitbatobjectives (1)-(4) are taken into
account. If the objectives are of equal importatice,hydrologist seeks to balance all the
objectives. In the case of priority for a certainjextive such as flood forecasting, one
objective may be favored in the calibration procdasthis respect it is important to
realize that, in general, trade-offs exist betwdendifferent objectives. For instance, one
may find a set of parameters that provide a vepdgomulation of high flows, but a poor

simulation of low flows, and vice versa.

3.2 Sacramento Model Calibration

Initially the Sacramento soil moisture accountingdel was calibrated without
snowmelt model or channel routing. The Sacramemtib &ccounting model only
represents the transformation of rainfall to runé# a conceptual model, the Sacramento
soil moisture accounting model produces a concéptiial channel inflow, which is

further modified through channel routing. The stpace form of the Sacramento model
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has 16 parameters [12], which are estimated antratdd to replicate the observed
streamflow. They are:
x°1is upper zone tension water capacity .
x% isupper zone free water capacity.
x%zislower zone tension water capacity.
x’4islower zone primary free water capacity.
x’sislower zone secondary free water capacity .
du is upper zone instantaneous drainage coefficient.
d, islower zone primary instantaneous drainage coefficie
d | islower zone secondary instantaneous drainage cieeffic

Is parameter in percolation function.

IS exponent in percolation function.

is fraction of base flow not appearing in rivesvl.

1 Is fraction of basin that becomes impervious whemsibn water requirements are
met.

2 Isfraction of basin presently impervious.
m is exponent of upper zone tension water nonlinesemoir.
M, is exponent of upper zone free water nonlinearvege
mgis exponent of lower zone tension water nonlineaervoir.

Here we incorporate human knowledge of the Sacramandel formulation [25]

and calibration strategies into the calibrationgvenchecks are difficult or impossible for
a person to perform visually. This could help gig/sical meaning to model parameters,

provide regional consistency in parameter sets, halp to avoid over-fitting of
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parameters. Examples are enumerated below.

1. Use water balance approach to check the ardeh of storage required in the
model.

2. Determine if the ratio of the upper and lowene and tension and free water storage
is reasonable. Lower zone is usually larger thgrety, and lower zone free supplemental
storage should be no more than half of the lowerezorimary storage, etc. This may
help prevent the over fitting of storage parametergpercolation or evapotranspiration
losses.

3. Check range of contents of the storage resartoiensure they're going through the
appropriate cycles and have the appropriate rahgtomage. UZFW should fill on the
largest events to generate surface runoff. Ondradbn strategy is to model fast
response runoff with interflow by making the UZFWRtge enough to hold large rain
events and making UZK very large. This reduces gbmesitivity of the Sacramento
model to surface runoff triggering mechanisms awd over simulation due to
precipitation errors. UZTW should always fill itbeerved runoff occurs, and should
completely dry out during mid-length dry periodsZTW should generally fill up to a
maximum in the fall or winter and should probablgarly dry out during extended
drought periods. LZFP should never dry out untessstream is intermittent, and should
generally fill during extended wet periods. LZHA%sId generally be empty, and only
fill partially during intermediate runoff eventsna possibly fill completely during large
events in wet periods.

4. Perform “event analysis,” not time series asiglywhere each runoff event is

analyzed to determine if the appropriate Sacramerdgdel components are working as
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they generally should if parameterized correctior example, if it rains and observed
runoff occurs, then tension water should fill todedium runoff events should probably
be modeled with interflow. Large runoff events gldoprobably have UZFW filled to
generate surface runoff. However, some may chtmseodel fast response runoff by
increasing UZK and UZFWM to reduce the sensitiatygurface runoff.

5. Check for data and modeling errors by analymmpmts and outputs. If significant
rain occurred and no runoff was observed, there beaya problem with the observed
discharge data or rainfall data. Omit the resalfor simulation section for the long-
term statistical analysis. If there is observedbftiwithout rainfall, than there may be a
problem with the rainfall data, particularly witlbrovective events and gage networks, or
snow events in the winter. Watch for missed raioMg events in winter based on
hydrograph response, temperature, or snow on grdatal If no snow model is used
and snow is known to be present, then omit theawimtonths in output statistics.

All items listed in 1-5 above are the options tbah be chosen to implement as
needed. Here one should be able to make his/herales and set the guidelines so that
they are appropriate for the hydrologic regime pemodeled and they reflect local
knowledge and calibration strategy being used.eStanate initial model parameters the
initial calibration implemented the Sacramento sodisture accounting model without
snowmelt or channel routing. Initial model paramet@ere calibrated to reproduce the
annual and monthly water balance. After gettingasonable monthly water balance, the
calibration is refined for individual storm simutat and extreme errors during dry and
wet periods and calibrated. Then the simulated mnigdehecked for persistent biases in

under or over estimation and is calibrated. Timeinty of the peak flow and daily
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discharge is considered and it is corrected with ¢hannel routing model. After the
model is able to closely reproduce the observed, ftbe model simulation is checked in
the early spring and in winter period to see theot$ of the snowmelt. Upon comparing
the simulation with actual observed data it is obse that there are events of streamflow
which occurred when there is no precipitation arftemvthere is a rise in temperature
above 32 F and vice versa. This implied that there is a needodel the snowmelt
model as temperature changes strongly suggestadrszibis affecting streamflow in the
catchment area.
Based on these choices the calibration is dond¢hengarameters are set to:

x°1 upper zone tension water capacity = 22 mm
x%; upper zone free water capacity = 18 mm
x%zlower zone tension water capacity = 56 mm
x’4lower zone primary free water capacity = 65 mm
x%s lower zone secondary free water capacity = 17 mm
du upper zone instantaneous drainage coefficien = 0.
d | lower zone primary instantaneous drainage coefftcie0.003
d | lower zone secondary instantaneous drainage ciegffic 0.450

parameter in percolation function = 100

exponent in percolation function = 2.0

fraction of base flow not appearing in river flewd.2304

1 fraction of basin that becomes impervious whesitanwater requirements
aremet=0

2 fraction of basin presently impervious =0
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m exponent of upper zone tension water nonlinearvesge= 2.1155
mp exponent of upper zone free water nonlinear reservd.7691
mz exponent of lower zone tension water nonlinearrvese= 3.8873

The model is calibrated for a period of nine yestesting from 1972 to 1980.
Upon calibrating, the model is simulated and obsérvihe model when compared,
responded well for a simulation period of nine gestarting from 1967 to 1975. It was
able to produce high flows, low flows and the b fayers in the Sacramento model had
good response to the inputs. Figure 3.1 showsithelation and precipitation from 1968
to 1970 without implementation of snowmelt or chelmouting. The model depicted the
high flows and the low flows. The low flows are ebsd between June and October and

the high flows are observed between October anddflay the years.

Figure 3.1: Precipitation and simulated Flow.
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3.3 Channel Routing Model

The results obtained from the simulation withoutmmel routing were then
compared to the actual flow that was obtained ftbm US Geological Survey. Upon
closer analysis the simulated peak flow occursiegathan the observed flow peaks.
Figure 3.2 shows the simulated flow verses theahdtow for a period of three months
from Nov. 1967 to Jan. 1968. Here the simulateckpese earlier than the observed
flow. This is attributed to the lack of the chanmaliting in the model. The output of the
Sacramento model is just the amount of discharge fthe land surface to the stream
channel network; it does not take into accounttdpography, location, or the time it
takes for runoff to reach the stream outlet whee rheasurement is taken. It may take
from a few hours to days for the water to dischdrgm the soil to the watershed outlet.
In order to consider this, a channel routing modelsed which is described in the
previous chapter. This is like a storage tank nomettl in [12], which stores the output of

the Sacramento model and releases it slowly basdidectime required to discharge.
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Figure 3.2: Actual flow and simulated flow.

The basic channel routing model [12] is selectedl ianmplemented along with
the Sacramento model code. The routing model empsatire shown below. This model
has two linear storage reservoifgsd swhere water from;dlows into $with a limiting
factor a, wherea is just a reservoir constant, which sets the lirdrainage rate. The

input to g is the total channel inflow, i.e. Sacramento sodisture accounting model

output, the output of;$s inputto g,

§=U-as
$=43-43
f =as,

wheref is the routed flow.
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Figure 3.3 shows the changes in daily average digehtiming with a unit (pulse)
input with changes in tha value. Here the graphs are plotted for variousieslofa
ranging from 5.25 to 20.25 for a unit input on agke day. Whera is 5.25 the channel
response extends more than seven days, but asline of 2 is increased the response
time decreases and channel response is more flasthys way increasing the value af

decreases the response time of the routing model.

Figure 3.3: Values dd for a given pulse input.

The channel routing parameter is manually calilorate a value of 22.5, thus
resulting in a rapid response and improved timing magnitude of the daily flow peaks.
Upon implementing the channel routing model, tmeusated flow is compared with the
actual flow. Figure 3.4 shows the improvements #natobtained after implementing the
channel routing model. The peaks of the simulatedel are reduced and coincide more

closely with the timing and magnitude of the acfii@.
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Figure 3.4: Flow comparison.

3.4 Snowmelt Model

Channel routing significantly improved daily andeav based simulation of the
peak flows. But upon closer observations of renmgraily simulated errors, the months
from December to April, showed consistent simulatierrors in peak timing and
magnitude, when compared to the actual flow. Cl@swlysis revealed events, during
which peak discharge occurred without precipitgti@oinciding with a rise in
temperature above 3F. Similarly observed precipitation events wereesbed that
produced no significant runoff with temperaturedvelfreezing. The catchment area is
located in the southwestern part of Ohio where sacaumulations does occur during
winter. The NWS estimates snowmelt accounts for@pmately 15% of the annual
runoff. The consistent winter errors in peak runoéficated the need to account for snow

and snowmelt in simulating the rainfall runoff pess for this watershed. Snowmelt
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occurs as the snowpack gains heat. The main sairemergy for snowmelt is solar
radiation. Figure 3.5, illustrates simulation esrassociated with freezing temperatures;
when the temperature decreases beloW R2there is a consistent difference in the
simulated and the observed flow. Here simulated i due to the precipitation, but the
observed flow doesn’t respond to that precipitatisrthe temperature is below’#and

so the precipitation is likely in the form of sno®imilarly in the month of March the
simulation is over producing compared to the obesgflow. On that particular day there
is some precipitation that led to the simulateavflout the temperature is below°32

The precipitation that occurred is interpretedrasis

Figure 3.5: Flow and precipitation and temperahefore snowmelt model
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In Figure 3.6, which shows the simulation for aipe&tiof one month from January
1974 to February 1974, we can observe the simuflteds deviating from the observed
flow; this is similarly interpreted as snowmelt.erbbserved flow between January 13 to
January 18 is likely due to snowmelt, since thsra significant rise in temperature above
32° F without any precipitation. The model does notwate this flow increase because
there is no precipitation at that time. So in ortercorrect this a snowmelt model is

needed.

Figure 3.6: Flow and precipitation and temperahefre snowmelt model
A simple but widely used, temperature index [21]owmelt model is
implemented to evaluate the effect. Here in thevenelt model when the temperature is

below 32 F all the precipitation on that day is stored aswsand there will be no direct

39



runoff. The simulated flow that occurs on days wWitezing temperatures is only due to
the water that drains from the free water. Whentémperature is above 3 some
amount of snow is converted to water and it addthéoprecipitation on that particular
day. Other factors like temperature above the sneind, energy balance, slope and
aspects of topography, ripening of the snow paeknat taken into consideration in this
simple snowmelt model.

The rainfall runoff process is again simulated udahg the snowmelt model.
Figure 3.7 shows the precipitation, temperature, @oserved and simulated flow from
Jan 1968 to April 1968. The simulated flow moresely matches the observed flow. As
the temperature increases the timing and magnéidenulated flow corresponds much

more closely to the actual flow.

Figure 3.7: Flow, precipitation and temperaturerashowmelt model implementation.

40



In Figure 3.8, between January 13 to January 1&revhhere is observed
snowmelt, simulated flow closely matched the obsérffow. But in some cases, as on
February 8 where there is runoff below 3%, the simulated flow deviated from the
output, this is because of the other factors [ba} effect the snow melt like wind speed
just above the snowmelt, elevation above the seal,leadiation balance, ground

temperature, mass of snowpack.

Figure 3.8: Flow, precipitation and temperaturerashowmelt model implementation.

After calibration and implementation of channeltrog and snow melt model, the
model simulations are a very close match to theervlesl flow. The tables below show
the details of calibration and are compared witth shmulation of the National Weather

Service. Table 3.1 shows the data for the calidra¢égion 1972 to 1980 and Table 3.2
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shows data for the verified region from 1967 to3.%ere for comparison, the flow data
is divided into low flow (for period with less th&n51 mm of discharge), upper low flow
(for discharge between 0.51 mm to 2 mm), mediunw f(or period from 2 mm to 8
mm), upper medium flow (for flow between 8 mm to dfn), high flows (for flow
between 13 mm to 17 mm) and very high flows (fawflexceeding 17 mm). The
National Weather Service (without the state updatising just SAC-SMA) simulation
and the state space formulation of the Sacramenttehcoded in Matlab produce almost

similar runoff.

Flow | No of days| Average NWS Average
in mm | (Observed) Simulated | Average | Observed
Flow per| Simulated Flow per
day inmm | Flow per|days in
day in| mm
mm
<0.51 | 1724 0.3035 0.3144 0.2203
0.51-2 | 1132 1.0234 1.0772 1.0046
2-8 378 3.6302 3.5295 3.5789
8-13 38 9.2132 8.1352 9.7653
13-17 | 8 9.7815 8.6419 14.6819
>17 8 19.1833 16.4223 | 24.4143

Table 3.1: Flow comparison for calibration peric¥2-1980.
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Flow | No of days| Average NWS Average
in mm | (Observed) Simulated | Average | Observed
Flow per| Simulated| Flow per
day in mm | Flow per|days in
day in| mm
mm
<0.51 | 1841 0.3273 0.3497 0.2230
0.51-2| 1044 1.1979 1.1726 1.0054
2-8 360 3.9007 3.7112 | 3.4817
8-13 | 30 9.8554 8.8842 | 10.4060
13-17 | 7 11.7933 10.6211| 15.4246
>17 5 21.3522 20.5653 | 26.8433

Table 3.2: Flow comparison for simulated period 2:9675.

In order to improve the simulation optimal filteginechniques are implemented. These

filtering techniques are discussed in the next tdrap
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CHAPTER IV

OPTIMAL FILTERING TECHNIQUES

Rainfall runoff models are non-linear and time-gati The errors in a rainfall runoff
model are mainly due to limitations of the modetelf, parameter uncertainty,
accumulation of errors and errors in the input dased for parameter estimation.
Hydrological models are very sensitive to the staftehe soil: it is a key variable of
rainfall transformation into infiltration or runofherefore, a better representation of this
variable over the basin should increase the acguddcthe rainfall-runoff process
simulation.

The error in the prediction of runoff arises frohe tuncertainty caused by the
physical process, the model and the input data, camd be reduced if optimal filter
techniques are incorporated. If the model predistidiverge from the observations at a
given time, it will affect the future estimationadachances that the future estimate will

approach the correct value is limited. So we neeithprove the trajectory of the model
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based on the assimilation of observations duriegpriod preceding the time when an
immediate or long-term prediction is desired. Thedeservations are assimilated
individually in different models: streamflow dateeaised in runoff and flood forecasting
procedures [14, 26] and surface soil moisture da¢aused in land surface hydrologic
models or to constrain soil-vegetation—atmospharester models [27, 28].

The method used is a sequential method: the idtécoaceptual) states of the
model (soil and routing reservoirs) are correctesingt optimal filtering. This
methodology consists of locally correcting the eabf the internal states of the model
when an observation is available. Figure 4.1 shihvesprinciple of estimation with state
updating where the state value is updated withsaepiori prediction of the observation.
At time k, an observation is available. The difference betwine observed (black point)
and a priori simulated (white point) values is @it corrected and an a posteriori value
of the state, closer to the actually observed vailsieobtained (gray point). Then the
model starts from these new initial conditions awdlves freely until new observations
are available. Calculation of the correction faag®an important step of the method: if
this factor is too small, the assimilation procedwill have no effect, if it is too large, the

model will forget all the past evolution.
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Figure 4.1: Schematic of estimation [37].

In this chapter we will be discussing optimal filtey techniques used in the estimation of
the states of the system. The filtering techniglissussed in this chapter are:

1. Kalman filter

2. H-infinity filter.
While the Kalman filter [29] is used previously tine estimation of the streamflow, we
will be implementing the H-Infinity filter [31] forestimation of the states and compare
the results with that of the Kalman filter. Sect#i discusses the Kalman filter, Section

4.2 discusses the H-Infinity filter and Section diScusses the stability of filters.

4.1 Kalman Filter

4.1.1 Recursive Least Squares Filter

In order to understand the Kalman filter we neetidoe idea about the recursive
least square filter. A recursive filter is one ihieh we need not store past measurements

for evaluating the present estimates. We need maasnts at the present time to get the
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estimates at the present time. The concept of ébarsive filter is best demonstrated
below.
Consider the problem of estimating a scalar comstanbased onk noise

corrupted measurements, which are modeled as fellow
Z =X+§ (4.1)
Wherei = 1,2,3,....kand e, is considered to be white noise. An unbiased, mmuimnn

variance estimate can be obtained by averagirtgalineasurements which is given as:

k

Kia

[

X = 4 (4.2)

When an additional measurement is available, tieastimate is updated as:
1 k+1

~

Xa=7, . 4
K+l
In order to use this expression all the measuresniegfiore obtaining new measurement

have to be stored. But manipulating this equatignneluding previous estimate, the

need to store all the measurements can be avditieslis shown as follows:

u _1( k )+1 —ka+1
k+1%+l K+1 k+1%l

This can be written as

)A&+1 :X +k_1+1( 1™ X) (4.3)

The above equation can be termed as recursive lestianator anc(zk+l- X) known as

the measurement residualthe above equation [32]. It can be easily untdexs from the

last part of the above equation that the new estinsagiven by the previous estimate
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plus a weighted difference between the new measneand its expected value. This
weighting factor for the measurement residual iedathe estimator gain. The above
equation holds good for the scalar case. The psocas be directly applied to vector
guantities. Let us now consider the case with vegt@antity. The vector notation for the
measurements available is given as follows:

z, = H x+ ¢ (4.4)

Here,x = constant unknown vector that needs to be estimateis thek” measurement
vector andH, is the observation matrix at thé time step andg, is the noise or the
error vector. From Equation 4.3, the estimate afpifesent time is given as [32]:

X = %1+ K(Z- HX ) (4.5)

Where K, is the estimator gain matrix that has to be detmthand(z - H, X ,) is

called the correctioterm, which is similar to the measurement residuéthe scalar case.
The estimation error can be defined as the difiezdmetween the unknown vector and

the estimate at the present time given by
ex,k =X- 3\(k
Taking the expected value of the estimation ereget,

E(g)=E(x- %)
=E(x- X.- K(% HXY)
= E(X' ’)\&-1)' Kk E( Hk* & I_LA)ﬁl)
=(l-KH k)E(ex,k—l)_ K. E(e) (4.6)
This estimation can be termed as unbidsathuse the expected value of the estimate can

be proved to be equal to the expected value oftteal unknown quantity. So it can
prove with couple of assumptions. They are:

E(e,) = E(x- %)= 01if E(g)=0
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Here we assuming the measurement ndis¢ to be zero mean and the average
estimation error to be zero. The estimate obtaimgd these conditions is an unbiased
estimate since the expected value of the estirsaqual to the expected value of the true
value.

The cost function of the estimator can be defired a
-1 T
J -2 E(Q(,k és'gk)

:%Tr{ E(ekaex,kT)} WhereTr represent s the trace of matrix

where P, = E(g, &)

T

=E {(' - KiH)e o Kke}{ (F KHJ)e,m K ék

=(I-KH)P_,(I- KH )+ K RK}] (4.7)
HereRis covariance of measurement noise vector, wisic@ssumed to be zero mean and
the above equation, represents estimator errorieova. Minimizing the cost functioh
with respect to the estimator gain and equating minimum (zero) would give the value
of the optimal estimator gain, i.e., we need td@aia the partial of the cost function with

respect to gain and make it equal to zero.

ﬂJk 1 ﬂ T ﬂ T
== Tr(l - K,H )P, (1- K H )™+ Tr(K R.K?)
ﬂKk 2 ﬂKk k' "k/" k-1 k' Tk ﬂKk kRk k
:% 2(I - Kka)Pk-l(' Hk)T+ 2KkRk (4-8)
From the above equation we get:
K =PR.H(H PP H +R)™ (4.9)
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The above equation represents estimator gain. Tiessdts could be used to non-linear
systems. But the non-linear systems have to barired and the change in the states has

to be estimated. Considering a linear discrete tiarging system

Xk=A<—1XKl+a<lq<1+L—k1\—N<1 (410)

where u,_, is known input to the systenw, is a gaussian random variable with zero
mean and covariand@, .
The initial condition of state, is a Gaussian random variable with its mean and
covariance matrix as:
E(x%)=m
E (- m)(% m'= B (4.11)
The state is propagated through the time by
EOR)=m=HA X+ B0 tha W)

=A<—1rné1+ a<ll'1!<1 (412)

HereE(w_,)=0 and E(u_,)=u., from the previously made assumptions. The
propagation of covariance is described as:

R=E (x- m)(x m'

The product of the state perturbations as pregestis given as

- MO M= [ A xr My BuOFL oW
[Aci(% 2= Mo+ BoO L w
R=E{[ At marLaw ]l Adx: myL owl)
=E{AX:- Mm% m)" A,

50



+A<—1Wk— 1\’\4: 1'6-{ 1t Ak 1(-)& 1~ M D‘&L— Tk]
+A<—1Wk— 1(xk 1- M 1)T '%1}

As E(w_,w, ,' )= Q ; and E(w_, X ,') =0 the final value is

Po= AR A+ L QL (4.13)
This in one of the important equation as it deggithe propagation of estimation error

covariance in time.

4.1.2 Discrete Time Kalman Filter

In the previous section, estimation algorithm foeasurement systems was
described where the state estimate is specifiedtsbgonditional probability density
function. The purpose of a filter is to compute sit@te estimate, while an optimal filter
minimizes the spread of the estimation error praialdensity. A recursive optimal
filter propagates the conditional probability déey$unction from one sampling instant to
the next, taking into account system dynamics anguts, and it incorporates
measurements and measurement error statisticseiregtimate. As discussed in the
previous section, the state estimate is specifiededpected value of the true state’s
conditional probability density function and theresgd of uncertainty in estimate is
specified as the covariance matrix. This recurgimeeration of the mean and covariance
in finite time can be explained in the followingdi steps:

1. State Estimate Extrapolation (Time Propagation)
2. Covariance Estimate Extrapolation (Time Propgagat
3. Filter Gain Computation

4. State Estimate Measurement Update
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5. Covariance Estimate Measurement Update

The first two steps that describe the propagatibthe estimate of the state and its
uncertainty (estimation error covariance) are alyediscussed in the previous section.
The last three steps can be performed by the igeuesast squares estimation technique.
To derive the mathematical form of the five stegmtioned above in order to derive the
Kalman filter, a linear time varying discrete tinsystem is considered, which is

represented by

% = Aokt Bl LW (4.14)

z =Cx+§ (4.15)

Here the first equation represents state equafitime system wheneis a state vectou

is the control vector, and is the process noise, which is zero-mean Gausaiziom

variable. Here
E(w)=0

E(ww') = Q (4.16)
The above equation describes the measurement rabtled systenz. The measurement
vector is a combination of staxewith some measurement noieThis noisee is also a

Gaussian random variable wilR, as its covariance.
E(g)=0

E(e€)= R (4.17)

Implementing the results from the previous sectiarg derive the Kalman filter
equations. Here one must distinguish between thitma&es made before the

measurements are processed at time instant k serxdted measurements are processed at
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that instant. The superscrift) represents the state estimate and covarianceebtfer

measurement is processed and (+) represents Hieesvafter measurement is processed.

From previous section the state estimate is giyen b

)’il; = A(—lxé l+ a< 1L—l< 1 (418)

The covariance estimate is given by

R<_ = A<—1PP;— 14 1+ L-k 1Q< Z!‘—-Il; 1 (419)

The filter gain is given by
K.=PR.Cl CGRG+R (4.20)

From previous section the updated equations afiernteasurements are processed is

given as
% =% + Kz GX) 4-21)
R’ =(I- KCIR (I- K,CY™ KRK| (4.22)

These are the basic Kalman filter equations.

4.1.3 Continuous Time Kalman Filter
Considering a non-linear system, the Kalman figdewsed by modifying the condition of
optimality from that of the linear systems. The #imear system is represented as:

x=f(xu wt)
z=hx)+€)

Herex is the state vectoy is the inputw ande are the process and measurement noises

with covariance®) andR respectively.
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The system must be linearized about a nominal tipgraondition in order to implement

Kalman filter. By expanding the non-linear systeyilaylor series

% 105t 9+ 3|y Oc 0 20 b e 1L ow w
2 16,9+ 1| O e €

Where%L represents the corresponding partial derivativauated atx,, u,, w, which

are nominal values. The partial fractions in thewabequations can be expressed as

—E ,G —E :E ,H _E . So the linearized equations are represented as

‘Hx ‘ﬂu ‘HW ‘Hx

X= 0%, W, W, D+ F(x- %)+ Qu yp Lkw g
z=h%, )+ H(x- %)+ €}

Considering

x=f00 bW, 9, %= Hx

w, =0

X- %=Dx

u- u=Du

w- w=Dw

z- =Dz

X- %=Dx

the non-linear system can be represented as

Dx =FDx +G Du +Lw (4.23)
Dz =HDx +e (4.24)
The standard Kalman filter can be applied to theedr system and states can be

estimated. The modified equations are
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DX =FDx +K( x - HDY (4.25)

K =PH'R" (4.26)
P=FP+PF +LQLU - PH R HF (4.27)

The true state estimate can be calculated by sugthim estimated change in states to
the nominal states as shown

%= % + DX (4.28)

The linearized Kalman filter doesn’t give exactiol estimates, but they would be near
to the optimum values, i.e., an approximate optigstlmate, as they are based on the

nominal trajectory.

4.2 H-infinity Filter

In the above section the Kalman filter is deriveduaming the measurement error is zero-
mean. But in many cases the error is not a zeramm&athat point we can use an H-
infinity filter. The H-infinity estimator is callethe minmax filter as it tries to minimize
the worst-case gain from the noise to estimatioorefmhe H-infinity filter does not make
any assumptions about the noise. Consider a nanlgystem of the form

x= f(x)+Bw+e
y=h(¥y+e

Here x is the state vector, y is the measurement,and e are the uncorrelated unity
variance white noise sequence, is an arbitrary noise sequencg,is the observer
vector. f and h are the non-linear functions of staté¢oise vector and the estimation

error are defined as follows:
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d= w'v' ' (4.29)

e =X- X (4.30)

H- infinity filter is used to find an estimate such that the infinity norm of the transfer
function from the augmented noise vectbrto the estimation errog, is bounded by a

user defined quantity.

T, k< g (4.31)

where Ted is the transfer function frone to e,. The above equation means that the

maximum steady state gain frooh to e should be less than the user-defined vaue
The cost function of the estimator can be defired a

J =su pM (4.32)
wo[w,

The desired estimat& can be obtained by the using recursive H-infigiggimator.in

order to implement the H-infinity estimator the system is written as showw bel

x= Ax+ Bu+ B v (4.33)
m=C x+ Du+ Qw (4.34)
y=C,x (4.35)

where m is the measured signal. The H-infinity estimator equations are gifatoas.

DX = ADx +BDu +K( Dn - G Dx- DD Y (4.36)
K=QC" (4.37)
Q=QA +AQ+BB' - QC CGg? ¢ ¢ ( (4.38)
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Dx = Dx + Dxdt (4.39)
X = %, + DX (4.40)
where K is the H-infinity estimator gain matrix an@ is the solution to the Riccati

equation.

4.2 Relation between Kalman Filter and H-infinity Flter

Kalman filter can be implemented using the H-irtfirfilter equations [31]. H-infinity
filter is used to find an estimatg such that the infinity norm of the transfer funatio
from the augmented noise vecterto the estimation erroe, is bounded by a user
defined quantity, as shown in equation 4.31. Whes wser defined quantity is infinity
the H-infinity filter behaves like the Kalman filteThis is well explained in [31, 33]

HTee Ik < ¥ (4.41)

In such case Equation 4.38 can be written as

Q=QA +AQ+BB - @C O ¢ (4.42)

4.3 Stability of Filters

In this thesis we are not trying to prove the diigbof the system but we are actually
trying to get a good estimate of the states usiate sstimation. Stability is extremely
difficult to prove for nonlinear filters, requiringg number of assumptions on the
magnitudes of the inputs and nonlinearities. Stgbibf a system can be proven
theoretically, but it cannot be demonstrated viausation. A stable system is one that

has bounded output for a bounded input. So we é&xpstable filter [34, 35] to have a
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bounded state estimate. An unstable system canhalge a bounded state estimate,
depending on the inputs to the filter. In geneaaheuristic approach must be taken to
stability for nonlinear filters. That is, nonlinefiters are generally tuned to give good
performance, but theoretical stability is not pmovd-or some theoretical work on

nonlinear Kalman filter stability, see [38].

The convergence of the filter is another issue thanhportant but that we do not
address in this thesis. This is different than iBtgbStability means that the estimation
error remains bounded, but convergence means hiatmean of the estimation error
approaches zero. For some theoretical work on meai Kalman filter convergence, see

[50].
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CHAPTER V

SIMULATION RESULTS

The main aim of this thesis is to implement optifiiedring techniques for state updating
in a continuous hydrologic simulation model, andetwaluate their performance and
utility for improved streamflow prediction. Previgly the Kalman filter has been used in
state estimation in streamflow forecasting [13]tHis work both the Kalman filter and
the H-infinity filter are implemented for state iesation.

This chapter describes with the simulated resudtained after implementation of
both the filters. These results are obtained afddibrating the model for a period from
1972 to 1980 and verifying this calibration from6¥9to 1975. The results that are
obtained are compared to both observed streamflmivtiae simulation results of the
National Weather Service. Section 5.1 gives infdromaon the results obtained for SS-
SAC-SMA model calibration and verification. Sectié? describes with the results
obtained from the state updating with the Kalmdterfiand the H-infinity filter and

Section 5.3 compares the two filters. The simutatiesults are evaluated by the water
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balance, correlation with the observed flow anchgishe Nash Sutcliffe Coefficient [39,
40]. The Nash Sutcliffe Coefficient is to measufethe fit between the predicted and
measured values. The computation of coefficienef@itiency E) is essentially is the
sum of the deviation of the observations from adinregression line with slope of 1. If
the measured value is same as all the predictemBhs 1. The value dE lies between O
and 1, which indicates deviation between the measand the predicted value. If the
value of E is negative then the predictions are very poor @nedaverage value of the
output is better estimate than the model predictidrere are many forms of The Nash
Sutcliffe coefficient E) that can be used for performance measure. Twheofmethods
are given below

The Nash Sutcliffe coefficientE] is relative to the mean observed flow is

computed as:

_n (Qm,i- Qmear‘)z- _n (Qm-i Qp)2
Ernean: = =

i (Qm,i - Qmear)z

where, E___is the coefficient of efficiency calculated takitige mean observed flow as

mean

a mean reference.

Q.. is the measured value ofi day.
Q,. is the predicted value aff day.

Q.ean 1S the arithmetic average measured value.

The Nash Sutcliffe coefficiente] is computed taking previous day observed flow is

given as:
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n

C@Qu- Q)= Qe Q)

— i=1 i=1
EPersistence_ l n I
2
(Qm,i - Qm, i- 1)
i=1
where, E,, e 1S the coefficient of efficiency calculated takirglative to the previous

days observed flow data as reference. This iscied persistence forecast reference.

5.1 SS-SAC-SMA Model Simulation Results

The model is calibrated for a period from 1972 88Q and then it is used for
prediction from 1967 to 1975. The calibration rés@ilom 1972 to 1980 are summarized
in Table 5.1. This table has five fields with numbé&days where the streamflow is in a
given range, average simulated streamflow per dagrage observed streamflow by
USGS per day and error in simulation of the flowewht is compared to the observed
flow. Here for comparison, the flow data is dividiedio low flow (for period with less
than 0.51 mm of flow data), upper low flow (for itobetween 0.51 mm to 2 mm),
medium flow (for period from 2 mm to 8 mm), uppeedaium flow (for flow between 8
mm to 13 mm), high flows (for flow between 13 mmilf6 mm) and very high flows (for
flow exceeding 17 mm). As the table summarizes ctiibration period contained 1724
days with less than 0.51 mm of runoff and 1132 duaisin the period between 0.51 mm
to 2 mm of runoff, 378 days with less than 8 mnmmufoff, 38 days with flow between 8
mm to13 mm, 8 days with flow between 13 mm and 17 amd 8 days with flow greater
than 17 mm. Here the simulated model is produciogemunoff when there is a very low

flow and producing less water when there is higlvflThe Nash Sutcliffe Coefficient is
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0.73 and persistence measure is 0.48. The cunmeilatter error i.e. the difference in the

cumulative observed and simulated flow for the ryaar period is 20 mm.

Flow | No of| Average | Average | Error | Simulation Details
in mm | days Simulated | Observed| in %
Flow per| Flow per
day inmm | days in
mm

<0.51 | 1724 0.3035 0.2203 -37.7| Cumulative Observed flow
= 3553.8 mm

0.51-2| 1132 1.0234 1.0046 1.7
Cumulative Simulated flow

2-8 378 3.6302 3.5789 1.3 [ =3573.8 mm
8-13 38 9.2132 9.7653 54 E,ean =0.73
Epersistence = 048
13-17 | 8 9.7815 14.6819 32.6
17 3 191833 54 4143 517 Cumulative Water Error =20 mm

Correlation=0.81

Table 5.1: State space form of SAC-SMA simulateMatlab for 19721980 without
filter

Table 5.2 gives the results that are obtained frieenNational Weather Service (NWS)
simulation. From the table it can be seen thatNWS model, even though it has better
Nash Sutcliffe Coefficient, persistence measure emdelation than that of the state
space form of Sacramento model deterministic catlidn, is producing around 42%
more than the actual flow in the low flow perioddamas high errors in the high flow

days.
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Flow | No of| Average | Average | Error | Simulation Details
in mm | days Simulated | Observed| in %
Flow per| Flow per
day inmm | days in
mm
<0.51 | 1724 0.3144 0.2203 -42.7| Cumulative Observed flow
=3553.8 mm
0.51-2| 1132 1.0772 1.0046 7.2
Cumulative Simulated flow
2-8 378 3.5295 3.5789 1.4 | =3614.2 mm
8-13 | 38 8.1352 9.7653 16.7 | E,..,=0.75
EpersistenC(: 057
13-17 | 8 8.6419 14.6819 | 41.1
>17 3 16.4273 544143 327 Cumulative Water Error =60 mm
Correlation=0.85

Table 5.2: NWS data Simulated for period 1972 t80L9

Using the model calibrated using 1972 to 1980 #iataeriod of nine years, it is then
verified to a different set of years starting frdfi67 to 1975. Table 5.3 shows the
simulation results. The calibrated model producéd sanm more streamflow for nine
years when compared to the observed flow. This bealpecause of several reasons like
lack of correct input data or changes in the vegetaetc. Here the calibrated state space
form of Sacramento model is producing more streamfbr low flow days and less flow
on high flow days. The majority of the over simidatis from events less than 2 mm of
flow. This is one good example where optimal fitkgrtechniques can be implemented to

update the soil moisture states based on the ootpytreduce the extra flow.
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Flow | No of| Average | Average | Error | Simulation Details
in mm | days Simulated | Observed| in %
Flow per| Flow per
day inmm | days in
mm
<0.51 | 1841 0.3273 0.2230 |-46.8 | Cumulative Observed flow #
3268 mm
0.51-2| 1044 1.1979 1.0054 |-19.1
Cumulative Simulated flow =
2-8 360 3.9007 3.4817 |-12.0 | 3730 mm
8-13 | 30 9.8554 10.4060 | 6.3 | E,.,,=0.69
Epersistence: 053
13-17 | 7 11.7933 15.4246] 235
>17 5 513502 56.8433 | 205 Cumulative Water Error = 461

mm

Correlation = 0.86

Table 5.3: State space form of SAC-SMA SimulateMatlab for 1967 to 1975 without

Table 5.4 summarizes the results obtained by Naltidfeather Service simulated model.

filter

For the verification period, the NWS calibration psoducing approximately 380 mm

more flow than is observed. Compared to the stadeesform of Sacramento model, the

NWS Sacramento model calibration produces highsrflows than the calibrated state

space form of Sacramento model. For the period i®817 to 1975 it can be seen that

both state space calibration of the Sacramento hatte NWS calibrated Sacramento

model significantly over simulated runoff. Heradtexpected that implementing optimal

filtering techniques in order to update the stafethe system may reduce the errors.
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Flow | No of| Average | Average | Error | Simulation Details
in mm | days Simulated | Observed| in %
Flow per| Flow per
day inmm | days in
mm
<0.51 | 1841 0.3497 0.2230 |-56.8 | Cumulative Observed flow
3268 mm
0.51-2| 1044 1.1726 1.0054 |-16.1
Cumulative Simulated flow
2-8 360 3.7112 3.4817 -6.6 |3647.8 mm
8-13 | 30 8.8842 10.4060 | 14.6 | E,.,,=0.70
EpersistenC(: 067
13-17 | 7 10.6211 |15.4246 | 31.1
>17 5 505653 | 268433 | 23.4 Cumulative Water Error =38

mm

Correlation = 0.88

Table 5.4: NWS data Simulated for period 1967 t6519

5.2 Kalman and H-infinity Filter Simulation Results

The previous section summarized the deterministiuigtion of the calibrated

state space form of Sacramento model and the NWiSatad Sacramento model. This

section deals with the results obtained by implamgrthe optimal filters. This section

deals with the Kalman filter and the H-infinitytél results. These filters are coded and
implemented in Matlab. The calibration of the stgtace version of Sacramento model is

discussed in Chapter 3. For the calibrated modefilters are implemented. Here these

filters are used to estimate the six conceptualrsoisture states in the system. Téén

the H-infinity filter is set to 80 manually by turg. Trying to reduce the value &
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further made the filter unstabl®&,, is a 6 x 3 matrix which is manually tuned. Theueal

of B,, is shown below:

-296 0 - 0.75
-165 0 O
0O O 2
B, =
O O O
0O 0 -38
14 0 O

For the Kalman filter, the H-infinity filter equatns are used an§ is set to infinity. The
B, Vvalues are tuned so that the filter gives a gespanse to the simulation. The values

of B, for the Kalman filter are shown below.

-53 0- 0.2
-6 0 O
0O 0 1
B, =
0O 0 O
0 0 -13
1 0 15

The B, values for the filters that were obtained hereeneund by manual, heuristic
tuning. That is, the qualitative match betweereftppredicted and measured streamflow
was used as the criterion for tunim),. These filters are manually tuned and in Be
matrix some values are made O as they have lifieeteon the performance of the filter

or they are making the filter unstable.

Table 5.5 summarizes the results for the Kalmier fior the calibration period
from 1972 to 1980. The Kalman filter has good resgofor almost all the flow periods.

This is the time period for which the model is bedited. The errors are low for almost all

the periods, and cumulative water error is very.low
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Flow | No of| Average | Average | Error | Simulation Details
in mm | days Simulated | Observed| in %
Flow per| Flow per
day inmm | days in
mm
<0.51 | 1724 0.2221 0.2203 -0.8 | Cumulative Observed flow
3553.8 mm
0.51-2| 1132 0.9491 1.0046 5.5
Cumulative Simulated flow
2-8 378 3.8653 3.5789 -8.0 | 3571.4 mm
8-13 | 38 9.5199 9.7653 25 | E,..,=0.78
3 8 9 30 8 9 8 EpersistenC(: 063
13-17 11.94 14.681 18.7 | cumulative Water Error =17 mm
>17 8 24.4518 24.4143 | -0.2 Correlation = 0.90

Table 5.5: Kalman filter estimation summery simethtor period 1972 to 1980

Table 5.6 gives details about the H-infinity filtenodel simulation for the

calibration period from 1972 to 1980. After implemiag the filter the model had good

response to the inputs and the there is less efien it is compared to the state space

form of Sacramento model without state updatings Ttelps us understand that after

implementing the state estimation the model’'s stfemv simulation is significantly

improved.
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Flow | No of| Average | Average | Error | Simulation Details
in mm | days Simulated | Observed| in %
Flow per| Flow per
day inmm | days in
mm
<0.51 | 1724 0.2422 0.2203 |-9.9 | Cumulative Observed flow
3553.8 mm
0.51-2| 1132 1.0375 1.0046 1.7
Cumulative Simulated flow
2-8 378 3.680 3.5789 3.0 [3593.9mm
8-13 | 38 9.0908 9.7653 54 | E,.,,=0.81
1 17 22 14 1 72 Epersistence: 067
3 8 9.2265 6819 | 37. Cumulative Water Error = 40 mm
>17 8 23.6640 244143 | 3.1

Correlation = 0.90

Table 5.6: H-infinity filter estimation summery sitated for calibration period 1972 to
1980

where the model is calibrated. The following taldasmmarize the implementation of the
filter for a period from 1967 to 1975 where the rabid verified. Table 5.7 summarizes
the simulation of the Kalman filter for the perib@m 1967 to 1975. Here the model
response for the low flow periods is significanithyproved. The simulated streamflow

significantly underestimates streamflow greatenthd@mm. The simulated flow on days

In the above tables we have the results shown doiog from 1972 to 1980,

with less than 13mm of runoff show low error. Thalidan filter is not consistent in

maintaining the water balance (but still bettemtki@e calibration without state updating),
Nash Sutcliffe Coefficient, persistence measurea@nckelation when it is compared with

the simulated data for the period from 1972 to 198@ich may suggest that the Kalman

filter may be over-fit to the calibration period.
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Flow | No of| Average | Average | Error | Simulation Details
in mm | days Simulated | Observed| in %
Flow per| Flow per
day inmm | days in
mm

<0.51 | 1841 0.2406 0.2230 | -7.9 Cumulative Observed flow =
3268 mm

0.51-2| 1044 0.9795 1.0054 2.6

Cumulative Simulated flow

2-8 360 3.5877 3.4817 |-3.0 |3208.5mm

8-13 30 10.1306 10.4062 2.6 E, ean=0.78
Epersistence: 035
13-17 | 7 10.8614 15.4246 29.6
>17 5 14.2044 568433 A7 1 Cumulative Water Error =60

mm

Correlation = 0.79

Table 5.7: Kalman filter estimation summery simethtor period 1967 to 75
Upon simulating streamflow using the H-infinitytél for period from 1967 to
1975, it had comparatively better response than nfoelel without state updating,
improving in all the flow periods shown. Table Ss8mmarizes the filter verification
results. For the verification period, the H-infinftiter has nearly same water balance and
correlation, persistence measure, and Nash Setdiffefficient as the calibration period

from 1972 to 1980.
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Flow | No of| Average | Average | Error | Simulation Details
in mm | days Simulated | Observed| in %
Flow per| Flow per
day inmm | days in
mm
<0.51 | 1841 0.2645 0.2230 | - 18.6 | Cumulative Observed flow
33268 mm
0.51-2| 1044 1.0419 1.0054 | -3.6
Cumulative Simulated flow
2-8 | 360 3.5520 3.4817 |-20 |[3313.2mm
8-13 | 30 9.3522 10.4062 | 10.1 | Ejean=0.87
Epersistence: 065
13-17 | 7 9.0219 154246 | 415 Cumulative Water Error =44 mn
>17 5 23.1252 26.8433 | 13.9

Correlation = 0.88

Table 5.8: H-infinity filter estimation summery sitated for period 1967 to 1975

5.3 Comparison of Models

Kalman filter calibration does not able to reacttb® sudden high changes in the

observed streamflow. The Nash Efficiency, waterabe¢ and the correlation are

This section compares the filtering techniquestha two sets of periods. The

significantly poorer in the verification period than the calibration period. Figure 5.1

shows the flow generated by the Kalman filter, fhmfinity filter and the observed flow

for different periods in the calibrated. Here, ancbe observed that the Kalman filter is

reacting slowly to the sudden rise in the streamfhfter a prolonged dry period.
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Figure 5.1: Flow comparison for a certain periodatibrated period

Figure 5.2 shows the flow generated by the Kalniger fthe H-infinity filter and
the observed flow for the simulated period. Thiamther example where the Kalman

filter did not respond to a sudden increase instreamflow.
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Figure 5.2: Flow comparison for a certain periodimulated period.

The H-infinity filter is producing more flow in théry season when there is little rainfall
and low observed flows. The Kalman filter is closycks low flows. Figure 5.3 shows a
period in the calibration period where the H-inynfilter is producing more output

compared to the flow generated by using the Kalfiizm and the observed.
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Figure 5.3: Flow comparison for a certain periodatibrated period.

Figure 5.4 similarly shows a period in the verifioa period where the H-infinity

filter is producing more output compared to thevfigenerated by using the Kalman filter

and the observed.

73



Figure 5.4: Flow comparison for a certain periodatibrated period.

The Kalman filter was under simulating in the lolow periods. The Kalman
filter is generating less runoff compared to thesesked runoff. Figure 5.5 shows the
semilog plot of the flow for a particular period thfe record where we can observe that
the model is under predicting when it is comparethe actual flow. H-infinity filter has

good response when it is compared to the Kalmgar fih the low flow periods.

74



Figure 5.5: Semilog plot of simulated flow.

Figure 5.6 gives details of the average flow sinedawith the H-infinity filter on
a monthly basis for a period from 1967 to 1975cdh be observed from the data, the
months from October to May there are high flows &odn month June to September
there are low flows. The model responds well forstraf the months. But there is some
deviation in the months of March and May, which badue to snowmelt, and the model

is also producing less runoff in the months of Astgand September.
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Figure 5.6: Average monthly flow for period from@I®to 1975 when simulated by H-
infinity filter.

Figure 5.7 gives details of the average flow sirmdawith the Kalman filter on a
monthly basis for a period from 1967 to 1975. Hean be observed from the data the
model simulated flow similar to that of the modiehslated with the H-infinity filter, but
it has better results by producing little less axtow in the months of May, compared to

that of the H-infinity filter.
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Figure 5.7: Average monthly flow for period from@I®to 1975 when simulated by
Kalman filter.

Figure 5.8 gives details of the average flow sinedawith the H-infinity filter on
a monthly basis for a period from 1972 to 1980 widrich the Sacramento model is

calibrated. Here the model responded very welef@ry month.
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Figure 5.8: Average monthly flow for period from789to 1980 when simulated by H-
infinity filter.

Figure 5.9 gives details of the average flow sirrmdawith the Kalman filter on a
monthly basis for the calibration period from 19821980 is calibrated. Here the model
responded very well. Comparing both the plots iguFeé 5.8 and Figure 5.9, it can be
observed that the H-infinity filter had better respe than the Kalman filter in this

period.
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Figure 5.9: Average monthly flow for period from78to 1980 when simulated by
Kalman filter.

The filters here were tuned manually and heuribyicdhat is, the qualitative
match between filter-predicted and measured stleamivas used as the criterion for
tuning. Tuning of the filters is done to improversuery of performance measures. Here
it can be observed that the Kalman filter is noealo respond for the sudden input
changes, after a prolonged dry season as seeguneF.1 and Figure 5.2. This may be
because of the long memory that the Kalman filsemiaintaining. H-infinity filter is
called the minimax filter, where it minimizes th@xmum errors. From the Figure 5.5, it
can be observed that the H-infinity filter is track the output more efficiently than the
Kalman filter. Here the calibrated Kalman filterasntinuously under simulating the low
flows, which corresponds to the more than half @ydthat are simulated. Moreover as
these filters are manually tuned to get a goodsperformance measures, there is still a

possibility for tuning the filters better, so thhey respond to all the changes in the input.
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CHAPTER VI

CONCLUSION AND FUTURE WORK

The main aim of this thesis is to implement andwata optimal filtering techniques for a
continuous hydrologic simulation model used for raienal streamflow forecasting by
the NWS and compare the results obtained from sitiaumls. The Sacramento soll
moisture accounting model is used by the Nation&ailer Service to simulate and
predict streamflow. The use of Kalman filteringfe field of streamflow forecasting [14]
has been discussed for several decades, but dtisvidely used and has largely been
confined to research in the area. This thesis exagritihe implementation of the Kalman
filter and the H-infinity filter in streamflow forasting. This is the first time that H-
infinity filtering has been used for streamflow doasting. The results that are obtained,
by calibrating the model for a period from 19721880, which is then tested for a period

from 1967 to 1975, are summarized in Tables 6.16a2d
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Model E. o= E ersistence Cumulative| Correlation| RMS
Water
Error
SS-SAC-| 0.73 0.48 20 mm 0.81 66.38
SMA
NWS 0.75 0.57 60 mm 0.85 59.24
simulated
Kalman |0.78 0.63 17 mm 0.90 50.10
filter
H-infinity | 0.81 0.67 40 mm 0.90 52.683
Filter

Table 6.1 Summary Table for calibration period frdb&vY2 to 1980

Model E.can E ersistence Cumulative| Correlation| RMS
Water
Error
SS-SAC- | 0.67 0.53 461 mm 0.86 61.66
SMA
NWS 0.70 0.67 380 mm 0.88 52.18
simulated
Kalman |0.78 0.35 -60 mm 0.79 49.66
filter
H-infinity | 0.87 0.65 44 mm 0.88 54.00
filter

Table 6.2 Summary Table for testing period from71861975

From the two tables it can be observed that théementation of optimal filtering
techniques for state estimation did improve thalteswhen it is compared with the NWS
calibration of Sacramento soil moisture accountimgdel and the model without state
updating. This helps in a good streamflow predictidloreover good streamflow
prediction helps in forecasting floods and drougig#gasons ahead of time and
precautionary measures can be taken consideringrélaictions. From the simulation the
streamflow using the filters, each filter has #gncadvantage and disadvantage. While the
streamflow simulated using H-infinity filter genézd more runoff when there is little

observed in the low flow period, the Kalman filterder simulated some of the peak flows
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that occurred after prolonged dry season, andiaisaer simulated the low flow events.
It is difficult to tell which filter is working beer. As the filters are manually tuned to
produce good results without exhibiting instabjlitjter performance may be improved
by further tuning the filters. Tuning techniqueseligenetic algorithms [41], or Matlab’s
simplex functions [42], can be used to further iayer the filter performance. Some work

on calibration for the Sacramento model can bedanrj47, 48, 49].

Here graphical comparison, Nash—Sutcliffe coeffitieorrelation, water balance
and the table of error comparison are used asnpeafice measures of the simulation that
is done. More performance measures can be use@dide and low flow criterion (PLC)
[43], linear regression [44oodness of fit and residual error analysis [44]icl help us
to identify the performance. More filtering methatkn be used to estimate the states of
the system like expert systems [45], neural nete/p4K], and combination of both the H-
infinity and the Kalman filter.

The model is calibrated to the Deer Creek Watershe®hio. To check the
working of the filter, this model can be calibratett implemented in various watersheds
in Ohio. Here optimal filtering techniques are ieplented to estimate the states of the

system.
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