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Abstract: In this paper we compare the St. Venant equations against real data in order to
examine their accuracy and capability to describe the relevant dynamics of an irrigation
channel. The St. Venant equations are simulated using the Preissmann scheme, and the
simulated and real measured water levels are compared. In addition, a comparison with
system identification models is also performed in order to examine which model is more
suitable for control design and prediction purposes. The results show that the St. Venant
equations can adequately capture the dynamics of the real channels. However, system
identification methods are as accurate as the St. Venant equations and are preferred over
the St. Venant models for control and prediction purposes since they are much simpler to use.
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1. INTRODUCTION Venant equations are commonly used for prediction and
control design for irrigation channels, see (Malaterre and
Baume, 1998) for an overview. Despite widespread use,
Due to the sharp rise in demand for water in many parts their accuracy are largely unknown which is surprising,
of the world, water is becoming an increasingly scarce taking into account the large amount of practically ori-
resource. It is therefore important to manage the water ented research which uses the St. Venant equations as a
resources well and minimize the losses. This applies par- starting point. A natural question is therefore whether the
ticularly to networks of irrigation channels, where large  St. Venant equations are capable of describing the rele-
amounts of water are wasted due to poor management vant dynamics of an irrigation channel accurately? From
and control. These losses can be reduced by improving laboratory experiments (Brutsaert, 1971), it is known that
the decision support and control systems in the channels. the St. Venant equations are an accurate representation of
a small scale laboratory channel. To the authors’ knowl-
In order to design a good controller or a decision support edge, very few, if any of the models based on the St.
system, most design methods require a good model that \ienant equations have been tested against data from real
closely describes the relevant dynamics of the irrigation  channels, which can be several kilometers long and the

channel. Traditionally, the dynamics are modelled by the channel geometry is often nonuniform. In this paper,
St. Venant equations, see e.g. (Chaudhry, 1993). The St.
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comparison of the St. Venant equations against real data
is considered in order to examine their accuracy.
Previous works (see e.g. (Weyer, 2001) and (Ooi and 7
Weyer, 2001)) showed that simple models that describe
the dynamics of the channel adequately can be obtained
using system identification method based on operational
data from the channel. The St. Venant equations are
hyperbolic partial differential equations and much more
complex to use than the system identification models, and
an open question is whether the St. Venant equations are The water levels, givenin mAHD (meter Australia Height
significantly more accurate than the system identification Datum), and the gate positions are the measured vari-
models. We therefore also compare the performance of ables. The head over gate is computed from these vari-
the models based on the St. Venant equations and the sys-ables. A fully shut gate has position of 0 meter and a
tem identification models. In particular we examine their ~ Positive value when the gate is open. The measured gate

suitability for control design and prediction purposes. POSItion,p = Pmaz — P, Wherep,,q. is the position when
the gate is fully shut. The head over the gaend is

The best known and most used finite difference method calculated as; = y; + p; — a; andh; = y; + p; —

for solving the St. Venant equations is the Preissmann a;, wherea, anda; are the gate adjustment constants
scheme (see e.g. (Chaudhry, 1993)). In order to examine necessary to convert from mAHD to meter.

the accuracy of the St. Venant equations, the water level

in the channel is simulated using the Preissmann scheme

based on physical data from the channel, such as length, 3. ST. VENANT EQUATIONS

width, etc, and the simulated water level is compared

against the measured water level. There are parametersthqo st. Venant equations are derived from a mass and

in the St. Venant equations which are not exactly known. 0 mentum balance, see e.g. (Chaudhry, 1993) and given
In order to examine the effect of those parameters on the |,

accuracy of the St. Venant equations, these parameters

are estimated from the observed data, and the accuracy

of the St. Venant equations with estimated and physical % @ -
parameters is examined. This is followed by a compar- 9t Oz
ison with system identification models, comparing the 9@ (914 B QQ> 0A  2Q0Q +gA(S;—8§) =0
simulated water levels of the respective models with the 0t gaes N

B A2 ) Ox A Ox
measured water level. whereA is the cross sectional area of the chaniak the

width of the water surface;, = 9.81m/s? is the gravity,
d S is the bottom slope() is the flow (discharge), and
Sy is the friction slope. A commonly used relationship
between the flow and the head over gat®is= ch?/?
(see e.g. (Chaudhry, 1993)), wheris the gate constant.
The gate constant of the upstream and downstream gate
are labelled as;,, andc,,;. From (Fenton, 2001), for a
sharp-edged rectangular weirx 0.6,/gb whereb is the
gate width.

Gate 7

Fig. 1. Schematic of channel with overshot gates
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In Section 2 a description of the irrigation channel is
given. Then, the St. Venant equations are presented an
the Preissmann scheme is briefly explained. The accu-
racy of the St. Venant equations is investigated in Sec-
tion 4, followed by a comparison with system identifica-
tion models. Finally, conclusions are given in Section 6.

2. CHANNEL DESCRIPTION

According to the Manning equation$; = Z;ﬁfi

’ 3
_ _ _ _ where n is the Manning coefficient, which mainly
The channel considered in this paper is the Haughton depends on the surface roughness. Table values of
Main Channel (HMC) in Queensland, Australia. Figure 1, for different flow surfaces are available (see e.g.
shows a schematic side view of the channel. The channel http://www.Imnoeng.com/manningn.htrmy. = % is the

is automated with overshot gates as shown in Figure 1. hydraulic radius, where the wetted perimetgr,is de-

We refer to the stretch of the channel between two gates fined as the length of line of intersection of the channel's
as a pool. We name the pool according to the number wetted surface with a cross-sectional plane normal to the
of the upstream gate, e.g. the pool in Figure 1 is ool  fiow (see (Chaudhry, 1993)).

y; andy; are the upstream water level of gatend j

respectively, ang; andp; are the position of gates. The  The pools we study are pool 9 and 10 of the HMC. The
amount of water above the gate is called the head over the physical data are given in Table 1. The Manning coef-
gate, and denoted by, andh;. ficients are taken fromww.Imnoeng.com/manningn.htm
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for clean excavated earth channels. Obviously, the phys-

ical data listed in Table 1 are approximate values since
the real condition of the channel will change with time

and along the channel, and some parameters like the gate

constant cannot be accurately measured or computed.

Pool 9 Pool 10
Length,L 853m 3129m
Bottom width 6m 6m
Side slope 2 2
Bottom slope 1.993<10~% | 9.907x10°
Gravity, g 9.81 m/3 9.81 m/3
Gate widthp 4.4m 4.4m
Manning coefficientn 0.02 0.02
Upstream gate constart;,, 8.3 8.3
Downstream gate constamt,,,+ 8.3 8.3

Table 1. Physical data of pool 9 and 10

3.1 Preissmann Scheme

Finite difference methods have been extensively used
for simulation of complex dynamical systems, see e.qg.
(Chaudhry, 1993). In these methods the titand spa-

tial variable,z are discretised into a grid on which the
dynamical model is solved and partial derivatives are
approximated in an explicit or implicit way. The approx-

imations are based on Taylor series expansions and are

called explicit if the expansion is expressed in variables
available at the current time instant, it is called implicit if

it involves future time instants. In the Preissmann scheme
the function,f(x, t) and its partial derivatives are approx-
imated as follows [ = A or Q):

f= éa(fi’iﬁl + i) + %(1 = a)(fia + £7)

af UM+ D - (R

ot 2At
ai:a( ili:_ll_fik-‘rl) + (170[)( i]iklifik)
ox Ax Az

Subscripti is thei'" spatial grid point and superscript

is the k*" time grid point, andAz and At are the grid
intervals along the:-axis andt-axis. An advantage of the
Preissmann scheme is that we can have variable spatial
grid. The parameterv is a weighting coefficient; the
scheme is totally explicit itk = 0. The commonly used
values ard).6 < a < 0.7 (see e.g. (Chaudhry, 1993)),
and in this paper we have used= 0.6. The boundary
condition, i.e. the equations describing the end conditions
of the pool, is included directly in the system of equa-
tions that needs to be solved. The boundary condition is
expressed in the following equations

k+1 k+1 _
i=1 Qa =0

1977

13th IFAC Symposium on System ldentificat

k+1 k+1 k+1
hmj:t = yzinp — Pmax + po;[t

k+1 i k+1
Qiiﬂp = O If hout < O
Qifh = c(hii!)¥?  otherwise

where QF*1 = ¢;,(hF+1)3/2 is the discretised inflow
function, whereh® ™ andh’!! are the discretised head
over upstream and downstream gate, afj is the dis-
cretisation of the downstream gate opening. The subscript
np refers to the last spatial grid point, i.e. the downstream
end of the pool. Applying the approximations to the St.
Venant equations, together with the boundary equations,
a set of nonlinear algebraic equations is obtained. These
algebraic equations can be solved using iterative search
techniques, and the Newton-Raphson method is used in
this paper.

4. ACCURACY OF THE ST. VENANT EQUATIONS

In this section, the St. Venant equations are compared
against real data to see if they can adequately capture the
dynamics of the irrigation channel. For pool 9 two data
sets are available. Data set 1 is collected under low flow
condition, where the channel is operated at around 25%
of its capacity, while data set 2 is collected at around 75%
of channel capacity.

4.1 Pool 9

Data set 1 is plotted in Figure 2 (data set 2 is not shown).
The sampling interval is one minute and the gate adjust-
ment constant isiy = 23.97. The gate constants and

Pool 9 measured water level

24.05

Water level (mAHD)
N

meter

50 100

150 200 250

Time (min.)

Fig. 2. Pool 9 data set 1: water levgl, (top), and Head
over gate 9h9 and gate 10 positiom,, (bottom)

Manning coefficient are uncertain, and these parameters
0 = [¢in, cout,n] are also estimated using the observed
data. The estimation method used is a prediction error
method with quadratic criterion, i.e. the criterion mini-
mizedis+ S| £2(t,0), whereN is the number of data
points, and the prediction errar(t, ) is y(t) — §(t, 6).



— Measured
- - Simulated (with physical parameters)
- Simulated (with estimated parameters) A
- Simulated (cross validate)

Water level (meter)

Time (min.) 360
Fig. 3. Simulated and measured water levels of Pool 9
(Data set 1)

y(t) andy(t,0) are the measured and simulated water
level obtained by numerically solving the St. Venant
equations. The first 200 data points in each data set were
used for estimation and the rest were used for validation.
The estimated gate constants and Manning coefficients
are tabulated in Table 2. We next simulated the water

Estimated parameter§ Measured Data 1 Measured Data 2|
Manning coefficientn 5.876x10~ % 2.022x10~2
Cin 12.396 11.647
Cout 11.881 10.403

Table 2. Estimated parameters of pool 9

level using the St. Venant equations and compared it to
the measured one. As the first 200 data points are used
for estimation purposes, the comparison is based on the
validation set only. The initial values of the intermediate
water levels within the pool are the solution of the St.
Venant equations in steady state with the last spatial grid
point equalling the measured water level. The simulation
is run from the beginning of the validation set where
the first point of the measured water level and all the
measured heads over upstream gate and measured down
stream gate positions are used.

In addition to the standard validation, we also cross-
validated by simulating data set 1 using the parameters
estimated from data set 2 and vice-versa. Figures 3 and 4
show the simulated and measured water levels for data
set 1 and 2. The Mean Squared Error (MSE) between
the measured and simulated water levels are tabulated in
Table 3.

Estimation | Validation MSE MSE

set set (physical) (estimated)
Dataset1| Dataset1| 1.077x10~% | 0.202<10—%
Dataset2| Dataset2| 11.11x10~% | 3.375<10—%
Data set1| Dataset?2 - 4.690x10— 1
Data set 2 | Data set 1 - 0.481x10~ %

Table 3. Mean squared errors for Pool 9
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Water level (meter)

— = Simulated (with physical parameters)
— Measured

(with
(cross validate)

i i
300 350
Time (min.)

Fig. 4. Simulated and measured water levels of Pool 9
(Data set 2)

4.2 Pool 10

For pool 10, we only considered data collected under high
flow condition. The sampling interval is one minute. The
estimated Manning coefficient is848 x 1072, and the
estimated upstream and downstream gate constants are
11.078 and 12.382. The simulated and measured water
levels are plotted in Figure 5. The MSE a&62 x 10~*
and3.996 x 10~* with physical and estimated parameters
respectively.

— Measured
— — Simulated (with physical parameters)
— - Simulated (with esti

Water level (meter)

1.78 L
0

L L L |
50 100 150 200 250

Time (min.)

Fig. 5. Simulated and measured water levels of Pool 10

4.3 Discussion

There is good agreement between the Manning coeffi-
cient obtained from physical knowledge and the esti-
mated ones, except the estimation using data set 1 for
pool 9, where the estimated Manning coefficient is very
small. Further investigations have shown that the simu-
lated water level is insensitive to the value of the Manning
coefficient. The gate constants estimated using measured
data are similar to each other, but they are quite different
from those computed based on physical data.
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As expected, simulations using the St. Venant equations +a2(Pip1(t,0) — Jiyr(t — 1,0)) 3
with estimated parameters give smaller MSE and the sim-
ulated water levels tracks the measured ones closer than Where 0 = [ci 1, ¢iz2, Cis, Cit115 Ci1,2, Cig1 3, 01, 2]

those with physical parameters. As expected, simulations @1d7 is the time delay, and the sampling interval is one
using data under low flow condition (data set 1) give Minute.

smaller MSE than those under high flow condition. This

is due to that larger variations in water levels are expected

in the high flow condition than in the low flow condition. 5.1 Pool 9

In pool 9, the St. Venant equations with physical param- o nknown parameters were obtained using system
feterhs are abl? to lcgptur(_a r:he ma#n trends a?g tr;e WaVves jjentification techniques (see (Weyer, 2000) and (Weyer,
in the water level but with an offset error. The largest 2001)) using data set 1 (see Figure 2) and 2. The first 200

offset is aroundicr and Gern for data_ set 1 and 2. As and 240 data points of data set 1 and 2 respectively were
expected the performance s better with estimated param- ¢4 o estimation, and the rest were used for validation.

eters, where .the models are able to accurately predpt the The water level of the validation set is simulated using
water level with virtually no offset for data set 1, and with

a small error of less thaticrn over small time periods
for data set 2. Pool 10 is much longer than pool 9 and

a}s expel\t/lztseg the ;nor:ll ells are no';fas accurate as f(_)rhpool 9 obtained for data set 2 (plot not shown). The predictor
(arggr ), and the largest o _set IS arous W'F is a simulation model since it uses the predicted water
physical parameters. The offset is smaller with estimated level at timet to predict the level at time+ 1, hence the

parameters, arountbm. Note that the models only have

the St. Venant equations and predicted using the discrete
time first and third order nonlinear models. The results
are shown in Figure 6 for data set 1, and similar result are

- comparison is fair. The mean squared errors between the
access to the initial water Ievel,. hence they are able to < red water level and the St. Venant equations (MSE
predict the watter level ahead of time for at Ie?a§1hours. St.V), and the identification model (MSE Sl) are given in

;I'hzgffsits can kl)le eaiily cfo rected b{c integ;]al a;:ftion i?} @ Table 4. The MSE St.Vs are different from Table 3 since
eedback controller. Therefore, apart from the offset, the the simulations started at a different time instant.

St. Venant equations based purely on the physical data
of the channel seem to be able to capture the relevant T e — ' ' ' 4

- - Simulated (with physical parameters)
)

dynamics, at least for control purposes. Lot 5 Predcied (hnd orce =&
% [

5. COMPARISON WITH SYSTEM
IDENTIFICATION MODELS

Water level (meter)

In this section the system identification models and the ool
St. Venant equations are compared. From previous works
(Weyer, 2001) and (Ooi and Weyer, 2001), it is known
that a first order nonlinear model is able to capture the
main trends in the water level well and a third order 200 220 240 260 28 300 320 310
nonlinear model is able to give very accurate predictions Time mn)

of the water level. The predictors associated with the first
and third order models for poolare

Fig. 6. Data set 1: Simulated, predicted and measured
water level of pool 9

Gir(t+1,0) = Gipa(t,0) + i1 by (t = 7) MSESY | MSESLY T MSESI T MEEST
) N 3/9 physical estimate irst order third order
—Cit1,1 (Bit1(t,0) + Pis1 (t) — ais1)®/ (2 1.077x10- 7 | 0.202x10- % | L.107x10-* | 0.362x10 7
—4 —4 —4 —4
whered = [ci.1, css1.1], and 10.15< 10 3.946<10 11.652<10 7.781x10

Table 4. Pool 9 MSE of data set 1 (second
row) and 2 (third row)
Gig1(t+1,0) = ci B2 (t— 1) + cinh?(t—7 = 1)

+Ci,3h§/2(t —7—2)+9iy1(t,0)

+cit1,1(Gi+1(t,0) + Piv1(t) — aita 3/2
60+ Pl o > posi 10
+eir1,2(Pir1(t = 1,0) + piva(t — 1) — ait1)
~ — 3/2
teiv1,3(Gir (t = 2,0) + Praa (t = 2) — agp1)* The same procedure is repeated for pool 10. The results
+a1(Git1(t,0) — 20;41(t — 1,0) + gip1(t — 2,0)) are shown in Figure 7. The MSEs are given in Table 5.
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MSE St.V MSE St.V MSE SI MSE SI
(physical) (estimated) | (first order) | (third order)
11.00x10~% | 1.96x10~% | 4.44x10~* | 1.43x10~*

Table 5.M SFE of pool 10

1.94 T T -
~ Predicted (first order)
o - Predicted (third order)
- - Simulated (with physical parameters)
—_Simulated (with estimate parameters) B

meter

L L L L L
250 300 350 400 450

Fig. 7. Simulated, predicted and measured water level of
pool 10

5.3 Discussion

In pool 9, the St. Venant equations with estimated pa-
rameters give the smallest MSE. However, the St Venant
equations with physical parameters are only as accurate
as the first order identification model, and the third order
nonlinear identification model gives smaller MSE than
the St Venant equations with physical parameters. In pool
10, the model based on the St. Venant equations with
physical parameters gives largest MSE, and the third or-
der identification model gives the smallest MSE.

Overall, there is not much difference between the St.
Venant equations with estimated parameters and the third
order nonlinear identification model, and both require
observed data. However, the third order nonlinear model
is much simpler to use for control and prediction pur-
poses. Even a simple first order model is good enough
for control design (Weyer, 2002). In the event that a
new automated control scheme is to be implemented in
a channel where no operational data is available, then

models based on the St. Venant equations must be used.

The St. Venant equations also give the water levels at the
intermediate grid points, while the identification models
only give the downstream water level. However, for con-
trol design purposes only the downstream water level is
needed, and if there are operational data available, the
system identification models are as accurate as the St.
Venant equations with estimated parameters and much
easier to use for control design and prediction purposes.

6. CONCLUSION

In this paper the accuracy of the St. Venant equations is
examined. Water levels simulated using the St. Venant
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equations with both physical and estimated parameters
are compared against the measured water level. The re-
sults show that the St. Venant equations can adequately
capture the dynamics of the real channels. However, the
third order nonlinear identification models are as accurate
as the St. Venant equations with estimated parameters but
much simpler to use. Therefore, due to the complexity
of the St. Venant equations, simple first and third order
nonlinear models obtained using identification methods
are preferred for control design and prediction purposes.

Patent: A patent has been applied for to cover the devel-
opments that are described in this paper.
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