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Abstract The paper focuses on the development of
reservoir operating rules for dry and rainfall events, and
their implementation in the case of the Ghézala dam lo-
cated in northern Tunisia (characterized by Mediterranean
climate). Rainfall events are defined in terms of depth and
duration that are correlated to each other. A depth analysis
per event is performed, conditioned on the event duration.
The gamma distribution provides a good fit to depth per
event, especially for events lasting at least 6 days. The
event duration fits a geometric distribution, whereas the dry
events during the rainy season fit a negative binomial
distribution. The climatic cycle length is fitted to a
gamma distribution. On this basis, many 50-year synthetic
event series were generated. Every synthetic streamflow
sequence obtained from synthetic rainfall sequences as
well as the one derived from the historic rainfall events
time series were optimized and optimal decisions were
formulated. These decisions were assessed by means of
multiple regression analysis to estimate the relation
between the optimal decision to every stage (dry or rainfall
event) and other system variables. Optimal rules, which
have a linear form, were derived by predetermined useful
storage interval and depend on storage, inflows and
downstream demand at dry or rainfall event ¢. The range of
t is 1-13 days (rainfall event) and 1-57 days (dry event).
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The rules were satisfactory for every predetermined useful
storage interval. The simulated dam performance generated
by the operation rules was compared with the deterministic
optimum operation and the historical operation. Also in-
cluded is the comparison of the implicit stochastic opti-
mization-based operation policy per event during the water
years 1985-2002.
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1 Introduction

Reservoirs are expected to fulfil the task of increasing water
availability in space and time. The operation policy of a
water reservoir can be influenced by many factors
depending on its purpose(s). Besides the differences due to
various purposes, the time scale of the operational policy
may also change. For example, for flood control a reservoir
might need a daily or hourly operation rule, whereas a
predetermined long-term operating policy (monthly,
weekly, etc) might work well for domestic or irrigation
water supply. The operation policy of a reservoir can be
derived by applying a variety of methods. A comprehensive
review of mathematical models developed for reservoir
operation analyses was prepared by Yeh (1985). The review
concentrated on optimization and simulation models as well
as on operation analyses under deterministic and stochastic
conditions. Optimization techniques included linear pro-
gramming (LP), dynamic programming (DP) and non-linear
programming (NLP). The author concluded that both LP
and DP optimization models, as well as simulation and
combined optimization—simulation models have been
extensively used in reservoir operation analysis.

@ Springer



514

Stoch Environ Res Risk Assess (2008) 22:513-528

However, these two methods are not the only methods
used in this domain. For example, Saad et al. (1994, 1996)
and Bouchart (1996) applied neural network, Esat and Hall
(1994), Oliveira and Loucks (1997) used genetic algo-
rithms. Shrestha et al. (1996) used the modeling based of
the fuzzy rules to derive operation rules of a reservoir.
However, many models of management in temperate cli-
mates are not transferable to the study of semi-arid zones
(Bellostas 1981). Two summers of consecutive droughts
experienced in southern Europe during 1989 and 1990
(Parent and Lebdi 1992) would not have had the same
impact on the agricultural economy of a semi-arid zone.
Early developments in model optimizing returns for
stochastic hydrologic sequences (assuming that these
sequences are known a priori) were conducted by Hall
(1964) and Hall and Buras (1961). Their reservoir operation
models were solved using methods of DP. Young (1966,
1967) extended the results of these earlier investigations. He
proposed an implicit stochastic approach to optimize the
operation of a single reservoir for annual usage such that the
economic loss as a function of draft rate is minimized. He
combined Monte Carlo simulation for synthetic streamflow
generation, deterministic DP optimization and regression
analysis to derive the operating strategy. The regression
analyses were used to define release values in terms of
storage levels and previous inflow rates. The data used for
regression analyses were derived from the sequence of
computed responses obtained from the optimization model.
Karamouz and Houk (1982) proposed an iterative approach
which combined deterministic DP, multiple regression and
simulation to derive a general operating rule of a single
water supply reservoir. Although not entirely conforming to
the general definition, the method was essentially an implicit
stochastic optimization. One iterative cycle consisted of
deterministic DP optimization over the available historical
inflow record, the subsequent derivation of the general linear
release rule by means of multiple regression and the final
step, which included the simulation of the reservoir opera-
tion according to the defined operating rule over a long
synthetic sequence of reservoir inflows. The applicability of
an implicit stochastic approach in which the operation of the
system is optimized for a number of deterministic hydro-
logic data series is investigated by Kularathna (1992) in the
case of a system of three reservoirs in cascade. This analysis
consisted of generating several sets of streamflow data,
followed by a deterministic optimization for each generated
data set. Resulting optimum operation strategies were used
in the derivation of operation rules using a least squares
regression analysis.

This paper is focused on the optimization of operating
rules of a single reservoir for dry events with variable time
steps, taking into account the drought phenomena pertinent
to Mediterranean climate. Ten synthetic rainfall events
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series, each having a length of 50 years, were generated
based on an observed daily rainfall time series, and coupled
this with a rainfall-runoff model. Implicit stochastic opti-
mization (ISO) using dynamic programming is then per-
formed for the operational optimization of the dam.
Incremental dynamic programming (IDP; Larson 1968)
was the technique used for this optimization. IDP has a
considerably less computational requirement than tradi-
tional DP. In the iterative procedure of IDP, a limited state
space is considered for a given iteration run. To increase
the precision of the results, each series have optimized
many time because the IDP. The choice of DP is also
justified by a limitation of LP, that both the objective
function and constraints must be linear functions of the
variables. It constitutes a method for a tactical management
of dams with times steps that are not constant. This ap-
proach has been demonstrated on a case study of the
Ghézala dam in the basin North of Tunisia.

2 Case study

The case study involves the Ghézala reservoir dam (lat.
37°00°50”, 37°02"75”N, long. 9°26’, 9°32°07”E) located in
the basin of Ichkeul in northern Tunisia (Fig. 1). The
catchment area of this reservoir is approximately
48 km Sq. A storage reservoir created by the Ghezala dam
has a capacity of 11.7 millions of m®, which is used to
irrigate an area of 1,100 ha. The climate of the Ghezala
basin is classified as sub-humid; the average annual rainfall
is below 40% of the total annual potential evaporation.
Time series of daily precipitation as provided by one pre-
cipitation station, Ghézala-dam, cover a period of 35 years
(i.e. 1968-2002). Considering the small size of the catch-
ment area of Ghézala dam (48 km?), it can admit that the
precipitation of the Ghézala dam rain gauge is represen-
tative of all the catchment area. Indeed, by calculating the
weighted factor of the method of Thiessen, by taking
account of two other stations located apart from the
catchment area, it found that the catchment area is com-
pletely located in the influence zone of the Ghézala dam
station. Thus, this approach can be justified in spite of the
precipitation measurements at a point have a large sto-
chastic component and spatial variability. The accuracy of
the modelling results increases when the rainfall stations
are uniformly distributed within the catchment. Table 1
summarizes the basic statistics of the monthly and annual
precipitation. Table 2 give the basic statistics of the
monthly and annual elevation losses due to the evaporation
estimated for Ghézala reservoir for the period 1985-2005.
For instance, the mean monthly evaporation estimated
varies between 40.7 mm/month in January and 263.9 mm/
month in July (Table 2). Times series of monthly inflow
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Fig. 1 Localization of the
studied system
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Table 1 Basic statistics of the monthly and annual precipitation at the Ghézala rain gauge (mm)

Statistics Sept. Oct. Nov. Dec. Jan. Feb. March Apr. May June July Aug Annual
Minimum 3 5 4.5 12.5 274 0.7 1.4 53 0 0 0 0 408.6
Maximum 169.9 254.4 261.6 285.6 190.2 341.3 281.4 160.9 67.6 55.8 334 522 1104
Mean 44.1 75.1 96.8 105.5 96.3 94.3 61.3 54.4 27.0 12.0 33 8.8 680
SD 36.3 59.1 59.0 69.4 47.0 60.7 48.1 323 18.4 14.8 74 13.8 172.9
Table 2 Basic statistics of the monthly and annual evaporation for Ghézala reservoir (mm)

Statistics Sept. Oct. Nov. Dec. Jan. Feb. March Apr. May June July Aug Annual
Minimum 113.3 76.8 36.7 30.9 27.4 32.6 59.6 80.4 117.0 181.5 217.4 190.2 1247.0
Maximum 195.9 133.8 83.4 75.3 95.7 69.4 116.2 133.1 206.8 252.6 299.4 306.6 1698.0
Mean 155.5 99.1 59.5 42.8 40.7 46.7 79.8 105.3 160.1 215.9 263.9 242.6 1498.5
SD 22.6 17.8 12.2 9.5 15.9 8.7 14.5 17.2 28.4 24.0 21.6 28.7 129.6
Table 3 Basic statistics of the monthly and annual inflows (10° m?)

Statistics Sept. Oct. Nov. Dec. Jan. Feb. March Apr. May June July Aug Annual
Minimum 0 0 0 0 0 0 0 0 0 0 0 0 0
Maximum 0.273 1.125 1.77 8.154 7.625 8.83 5.621 3.857 1.212 0.421 0 0.135 23.8
Mean 0.028 0.105 0.298 1.228 1.811 2.04 1.152 0.734 0.175 0.023 0 0.007 7.615
SD 0.083 0.261 0.523 2.048 2.4 2.54 1.555 1.102 0.348 0.099 0 0.031 8.352

volumes for Ghézala reservoir cover a period 1985-2003.
Table 3 resumes the basic statistics of the monthly and
annual inflows for this period. The average annual inflow to
the reservoir is estimated at 7.615 10°® m>/year. However,
the great variability of inflows under the prevailing climatic

conditions tends to constrain the utilization of the available
resources. As to the seasonal flow variability, the major
portion of the reservoir inflow (i.e. 95.5%) arrives in the
period November—April whereas the remaining 4.5% of the
total are distributed over the period May—October. The
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Table 4 Basic statistics of the monthly and annual irrigation demand (10° m®)

Statistics Sept. Oct. Nov. Dec. Jan. Feb. March  Apr. May June July Aug Annual
Minimum 0 0 0 0 0 0 0 0 0.025 0.2 0.25 0.081 0.86
Maximum 0329  0.092 0.160 0.094 0.037 0.122  0.386 0.622  0.83 0.557 0725 0568  3.721
Mean 0.129  0.031 0.028 0.019 0006 0.022 0.053 0.134 0287 0445 0484  0.391 2.029
SD 0.106  0.033 0.042 0.032 0.01 0.04 0.094 0.158  0.18  0.118  0.135 0.135  0.759

three driest months on the record are June, July and
August, jointly contributing only 0.4% of the total mean
annual inflow. The statistics of the irrigation demand
recorded with the reservoir during the period 1985-2003
is shown in Table 4. The average annual demand is
estimated at 2.029 10° m>/year. Except in occasional wet
years, most precipitation is confined to the winter months
in this basin. The dry season lasts from May to August.
There is considerable variation of precipitation from year
to year.

3 Characterization of an event

In the wet—dry spell approach, the time axis representing
the rainy season is split up into intervals called wet and dry
periods (Fig. 2). A rainfall event is an interval in which it
rains continuously (it is an uninterrupted sequence of wet
periods). Since the analysis of dry periods has been carried
out to provide data for water resources development stud-
ies, the definition of event is associated with a rainfall
threshold value which defines a wet period. The limit
3.6 mm day™' has been selected because it corresponds to
the average daily evapotranspiration in the area of the
Ghézala dam. This amount of water corresponds approxi-
mately to the expected daily evaporation rate, thus marking
the lowest physical limit for considering rainfall that may

Fig. 2 Definitions for the event
based analysis

produce utilizable surface water resources during the rainy
season which lasts from September to April. Rainfall below
this threshold will only be considered on days which are
elements of a given event, wherein at least one day fulfils
the condition of having received of more than 3.6 mm. In
this approach, the occurrence of rainfall is specified by the
probability of the length of the wet periods (storm dura-
tion), and the length of the dry periods (time between
storms or interevent time).

A rainfall event m in a given rainy season n will be
characterized by its duration D,, ,,, symbolizing the number
of subsequent rainy days, and by the total accumulated
rainfall depth of H,,, of D, ,, rainy days in mm (Bogardi
et al. 1988; Bogardi and Duckstein 1993).

D

H,, = hji, n=1,2,..Nand m = 1,2, ...

where
N total number of observed rainy season;
M, number of events/rainy season n;

h; stands for the daily rainfall totals in mm. Note that /; > 0
and that for at least one /; > 3.6 mm. In order to define the
temporal position of an event within the rainy season, a time
parameter is needed. In study of Fogel and Duckstein
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(1982), this time parameter is usually the interarrival time.
In this investigation, the interarrival time is replaced by the
dry event or interevent time or dry event Z,,, (Fig.2)
represents the number of days without rainfall between two
subsequent rainfall events. The beginning of the first
rainfall event in autumn, in September, marks the beginning
of the rainy season, while the end of the last rainfall event in
spring, in April, marks the term of the rainy season. Thus, a
wet season, with variable length, must start with a rainfall
event and end in a rainfall event. The dry season thus lasts
approximately four months. Z, ,, is assigned to the event
preceding a dry period. Thus, Z, ,,, = O for the last event of a
season, m = M,, (Bogardi et al. 1988; Bogardi and Duck-
stein 1993) according with the assumption that a rainy
season must start and to end with a rainfall event.

The length of the rainy season L, is defined as the time
span between the start of the first and the end of the last
event of the given season; while the ‘‘annual‘‘ climatic
cycle is determined as the time lapsed between the onsets
of two subsequent rainy seasons (Fig. 2) (Bogardi et al.
1988). The climatic cycle define the position of the first
rainfall event within the rainy season. However, the length
of the year is fixed at 365 days, and it is taken as a con-
stant.

M,
Ln = ZDn,m +

m=1

m=1,2,..M,,

M, —1

Z Zym, n =1,2,...Nand

m=1

(2)

where

L, length of rainy season in days;

N total number of observed rainy season;
M,  number of events/rainy season 7.

Table 5 Maximum values of the coefficients of determination r°

4 Generation of synthetic events

Regression analyses have been conducted in order to
investigate the interrelationship between the parameters
describing the rainfall events, rainy season and annual cli-
matic cycle. Table 5 summarizes, for some selected
parameters, the resulting value of coefficient of determi-
nation 7~ A relationship between event duration D, ,, and
rainfall depth per event H,,, with * of 0.64 is identified,
while no significant pairwise correlation between Z, ,, and
the duration D, ,, and rainfall depth H,, ,, could be detected.
Accordingly, the assumption made in the subsequent anal-
ysis that rainfall events within a rainy season are elements
of an independent random process, seems to be justified.

The number of events per season M,, has been found to
be independent of the other parameters except, as expected,
of the total event-based rainfall depth Z%”:l H,, of the
rainy season.

4.1 Probability distribution functions
4.1.1 Events per rainy season

Under the assumption of sequential independence of rain-
fall events, as formulated above, the Poisson density
function:

fuln) = <2

n!

(3)

was found to adequately describe the distribution of the
number of events per season. Figure 3 displays the empir-
ical and fitted Poisson probability density function (pdf)
while Table 6 summarizes the parameters of the pdf. The

Seasonal characteristics Number Number Longest Length of the
of rainy of rainfall intervent climatic
days/rainy events M, /rainy time Z, ,, cycle C,(day)
season season max (day)

Total rainfall depth (mm)/rainy season 0.69 0.49 0.50 0.02

Length of the rainy season L, (day) 0.007 0.33 0.21 0.62

Number of days without rainfall 0.63 0.04 0.51 0.46

during the rainy season
Length of the climatic cycle 0.03 0.22 0.23 1

C,(day)

Event-related characteristics
event H,,, (mm)

Rainfall depth of the

Duration of rainfall
event D,,,,, (day)

0.64
0.02

Duration of rainfall event D,, ,, (day)

Interevent time Z,,, (day)

1
0.02
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Fig. 3 Distribution of the number of rainfall events per season

Table 6 Parameters of the distribution of the number of rainfall
events per season

Number of Arithmetic SD Variance Coefficient
data points mean of variation
34 22.54 4.67 21.88 0.21

Table 7 Parameters of the distribution of the rainfall events duration

Number  Longest observed in  Arithmetic = SD  Coefficient
of events duration days (day) mean (day) of variation
744 13 2.79 1.87  0.669

goodness of fit has been assessed favourably throughout the
study by using the Kolmogorov—Smirnov test at 95% con-
fidence level. The arithmetic mean appears to provide a
stable estimate of the parameter A of the Poisson pdf.

4.1.2 Duration of rainfall events

The analysis of the data enabled us to conclude that 62% of
the events lasted 1-2 days. The maximum observed dura-
tion is 13 days. Table 7 presents the parameters of the best
fitting pdf of rainfall event duration, the geometric pdf:

fG) = pd, (4)

where j is the duration of the event in days, p = 1/j is the
inverse value of the mean event duration, and g =1 —p
was selected since it provided an excellent fit. The
empirical and fitted geometric pdf of event duration are
displayed in Fig. 4.

4.1.3 Rainfall depth per event

Since the regression analysis (Table 5) indicates the exis-
tence of a relationship between rainfall depth and duration,
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Fig. 4 Distribution of rainfall event duration

it is necessary to distinguish between the pdfs of the
rainfall depth for different values of event duration. This is
done by means of estimating conditional pdfs. Different
duration classes selected for the analysis were classes 1 for
duration of rainfall events of 1 day, 2 for 2 days, 3 for
3 days, 4 for 4 and 5 days, and 5 for duration of rainfall
events greater than or equal to 6 days. Table 8 summarizes
the parameters of the pdfs of the depth per rainfall event
distribution. The rainfall depths H,, ,, recorded during the
events are grouped into 4 mm wide classes, starting with
the 4-8 mm class. For events lasting at least 6 days, the
Gamma distribution appears to provide the best fit (Fig. 5).

4.1.4 Duration of dry events

Table 5 shows that the dry event duration (length of the
interevent time) can be assumed to be independent from all
other characteristics of the rainfall phenomenon. Thus the
distribution of the dry event duration follows an uncondi-
tional probability distribution function. Figure 6 reveals
that the shortest interruption (one day) is the most frequent.
Almost 19% of the observed interevent times are only one-
day long. Nevertheless, dry periods up to 30 or more days
have been recorded. The mean length, 7.3 days (Table 9)
and the high standard deviation are both serious warnings
about the unsuitability of assuming an evenly distributed
precipitation during the rainy season. The univariate
negative binomial distribution has been found to best fit the
interevent time process (Fig. 6).

4.1.5 Length of the “‘annual‘‘ climatic cycle

The phenomenon of a rainy season followed by a dry
season constitutes an ‘‘annual” climatic cycle (Fig. 2).
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Table 8 Rainfall depth per - - -
event Duration of Pdf selected Arithmetic SD P k
rainfall event mean
1 day Negative binomial 2.55° 2.18* 0.3254 0.7524
2 days Geometric 4.18" 3.8% 0.239
3 days Geometric 6.18* 4.67* 0.162
Arithmetic SD o p
mean
. 4 + 5 days Gamma 41.07° 28.04° 2.146 19.14
Referring to the class number b b
>6 days Gamma 69.81 38.02 3.371 20.71

® Referring to the data
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Fig. 5 Distribution of the rainfall depth of the > six-day long rainfall
events

This is distinguished from the length of the year, which is
constant and equal at 365 days. The expected value of the
cycle (Table 10) confirms the annual characteristic of this
phenomenon. The low coefficient of variation indicates the
stability of this expected value. Positive skewness can be
observed. The gamma pdf provides a good fit to distribu-
tion of the length of the climatic cycle C, (Fig. 7). While
the length of the climatic cycle C, seems to be independent
of the number of events per rainy season M,, it shows a
slight dependence on the length of the rainy season L,.
These conditions should be taken into account, even in the
simplified generation procedure.

4.2 Generation procedure

Along with the interrelationships and/or independence
among the parameters, a simple procedure to generate
synthetic rainfall event sequences, based on drawing
random numbers from a population distributed according
to the pdf defined by the parameters characterizing the
rainfall events, has been derived (Bogardi et al. 1988). In

12 3 456 7 8 9101112131415 16 17 18 19
Classes in days
— —— - observed size ——— theoritical size ‘

Fig. 6 Distribution of the dry event duration (interevent time)

this procedure, all parameters relating to the sequences of
dry periods are generated by event basis in term of dura-
tion. The rainfall depth per event is also generated by
event; relating to the duration of the rainfall event (not
daily basis). It starts by selecting the number of climatic
annual cycles to be generated N then draw N random
numbers from a Poisson distributed population to represent
the number of rainfall events per season M,. Draw
ZZV:I M,, random numbers from a geometrically distrib-
uted population. Assign these values to generated rainfall
events to obtain rainfall events duration D, ,. Draw
Zﬁ;l M, random numbers from a population distributed
according to the pdf defined by the event duration class
associated with D,, ,,, to obtain depth of the rainfall events
H, .. Draw ZnNZI (M, — 1) random numbers from a pop-
ulation following the negative binomial pdf to represent the
interevent time Z, ,,. As a by-product of the previous steps,
the length of the rainy season L, can be derived (Eq. 2).
Consequently, synthetic rainfall events, and their positions
within the individual rainy seasons were defined. Further-
more, the time sequence of the rainy seasons is needed in
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Table 9 Parameters of the distribution of the dry events duration

Arithmetic SD Coefficient Parameters
mean (day) of variation of pdf
p k
7.30 791 1.08 0.1007 0.7054

Table 10 Statistical parameters for the length of the climatic cycle

Number of  Arithmetic SD Coefficient Coefficient
data points mean (day) of variation of skewness
34 365.1 16.23  0.044 0.317

1.00 -

0.75 A

0.50 +

0.25 A

Sample Step Function & cdf

336 352 368 384 400 416
The sample values

Fig. 7 Distribution of the length of the climatic cycle

order to able to identify the most severe droughts periods
between rainy seasons. Therefore, the generated rainy
season should be embedded into the corresponding climatic
cycle. The empirical procedure which has been adopted to
generate the length of the climatic cycle is defined thus: (1)
define the minimum possible length of the climatic cycle,
minimum C,, is 300 days for this area (2) the allowed
range of deviation of the sum of generated cycle lengths
22:1 C, from the length of 365 J, is 30 days. This devi-
ation should to be adequate to reproduce adequately the
observed standard deviation (result obtained by a trial and
error method). (3) climatic cycle length generated by
drawing a random number from the Gamma distribution
population should satisfied this previous constraints. (4) If
any of these constraints is violated, reject the drawn value
and drawing another value. (5) Then, one must check if the
length of the synthetic rainy season L, obtained by sum-
mation of the durations of dry and rainfall events and
associated with the generated climatic cycle C,, does not
deviate more than a given threshold from the length of the
rainy season, L, estimated by regression on the length of the
climatic cycle. A deviation up to 60 days was allowed (trial
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and error procedure). If this constraint is violated, reject C,
and drawing another value.

By using these simple rules and constraints, with
numerical values derived directly from observation data,
the distribution of the synthetic climatic cycle lengths is
preserved; also, both the fluctuation of rainy season
length, and the correlation between rainy season length
and cycle length can be taken into consideration. The
event based rainfall analysis described above has been
used to generate 50-year long synthetic rainfall sequences,
complete with the corresponding climatic cycles.
Table 11 compares the interrelationships between param-
eters for generated series and historic series. It can be
concluded according to this table that the relations are
preserved. The base for this paper is the event (rainfall or
dry). As was described previously a rainfall event has
characterized by its duration, rainfall depth per event and
temporal position within the rainy season (Fig. 2). Thus,
the rainfall depths were generated per duration of the
event. Thus, to compare the statistics of the generated
series with those of the historical series, the generated
rainfall depths are discretized in daily rainfall by dividing
each rainfall depth by the duration of the rainfall event
corresponding. Thus, firstly, it can say that for the daily
scale it does not reproduce the proprieties historic exactly
since an approximation is making by supposing that the
daily rainfall depth are equally distributed, contrary to
what was postulated in Fig. 2. Table 12 compares the
generated series to the historic in terms of extreme daily
precipitation while Tables 13 and 14 compare the weekly
and monthly statistics for precipitation of the generated
series to the appropriate historic series. Table 15 gives the
principal descriptive statistics of annual precipitation for
the historic and generated series. The comparison of the
observed and generated data show only very limited
deviations especially concerning the minimal values.
Comparisons of generated and observed means and stan-
dard deviations are summarized in Table 16. While the
comparison of the arithmetic mean values of the observed
and generated data show only very limited deviations, the
difference in the standard deviation figures appear to be
more substantial (Table 16). Furthermore, a slight ten-
dency of the model to produce standard deviation values
superior to the recorded ones can be observed. These
differences can be attributed to the incorporation of
simplifying concepts into the analysis.

5 Rainfall-runoff model
Inflows by events to the dam were obtained from many

generated synthetic event series coupled with the rainfall-
runoff model developed for this purpose. This model is
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Table 11 Coefficients of
determination of observed
and generated series

Seasonal characteristics Number of  Number of Longest Length of the
rainy rainfall intervent time  climatic cycle
days/rainy events M,/ Z, , max C, (day)
season rainy season  (day)

Total rainfall depth (mm)/rainy season  0.69" 0.49 0.50 0.02
0.67° 0.54 0.48 0.08

Length of the rainy season L, (day) 0.007% 0.33 0.21 0.62
0.01° 0.39 0.17 0.61

Number of days without rainfall 0.63* 0.04 0.51 0.46

during the rainy season 0.58° 0.10 0.45 0.59

Length of the climatic cycle C,(day) 0.03% 0.22 0.23 1

0.05° 0.33 0.17 1

Event-related characteristics

Rainfall depth of the Duration of rainfall event

% Observed

event H,, ,, (mm) D, ,, (day)
Duration of rainfall event D, ,, (day) 0,64% 1

0.67° 1
Interevent time Z,,, (day) 0,022 0,02

0.00° 0.03

® Generated

Table 12 Comparison of the generated series to the historic in terms
of extreme daily precipitation (mm)

Table 14 Comparison of the statistics for generated monthly pre-
cipitation series to the historic (mm)

Series Return period
2 5 10 20 50 100 200
Historic 267 37.6 454 534 645 733 825

(3 Par. Lognormal)

Generated 282 388 47.1 552 66.0 745 833

Table 13 Comparison of the statistics for generated weekly precip-
itation series to the historic (mm)

Series Mean SD Distribution  Auto- Auto-
skewness correlation  correlation
(orderl) (order2)
Historic 12.7 21.5  2.907 0.190 0.219
Generated 11.8 20.3  2.729 0.214 0.133

Series Mean SD Distribution  Auto- Auto-
Skewness correlation  correlation
(orderl) (order2)
Historic 55.3 57.8 1.573 0.369 0.392
Generated 51.1 53.7 1.117 0.232 0.234

Table 15 Descriptive statistics of historic and generated series for
annual precipitation (mm)

Minimum Maximum Mean SD Distribution
skewness
Historic 312.3 1062.0 605.86 159.44 0.743
series
Generated 313.1 1010.9 606.73 183.38 0.789

series

based on the hydrological balance of the small dam for a
given time interval:

AV, =V, + V, — V,, (5)

where AV,, V,, V,, V, are respectively the variation of the
volume of reservoir during an interval of time 7, inflow to
the reservoir by runoff, the volume of the precipitations to
the stretch of water from reserve, the outflow of water in

the considered time interval, in m>,

These terms of the dam balance can be analyzed in the
following:

AV[ = lOOAH[Sr7 (6)

where AH,, S, are respectively the variation of the water
level of reservoir during an interval of time ¢ (cm) and the
average surface of the stretch of water during the period
t (ha), with S, = (S; + S)/2 where S; and S are the initial
and final surface of the stretch of water during the period ¢
(ha) deduced from the curve altitude—surfaces of the
reservoir.

@ Springer



522

Stoch Environ Res Risk Assess (2008) 22:513-528

Table 16 Summary of parameters of observed and generated (50 years long) rainfall event time series

Number of Number of Length of Length of Maximum dry Total seasonal
events rainy days climatic rainy season event (day) rainfall (mm)

cycle (day) (day)
Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD
22.5° 4.6 63.0 12.4 365.1 16.2 220.55 14.75 30.2 3.6 605.86 159.44
22.1° 4.16° 61.94 13.97 364.96 18.44 218.0 435 29.2 35 583.2 153.51
22.48 5.07 62.84 16.45 364.88 20.28 217.2 52.34 27.63 6.47 569.24 156.85
22.34 5.0 62.20 17.6 365.92 22.36 218.84 55.30 26.54 5.27 548.43 184.87
23.06 4.92 63.24 17.12 365.64 21.93 223.18 63.86 29.87 11.24 590.53 191.93
22.30 4.55 60.36 17.13 365.26 15.80 215.34 51.12 28.00 8.00 553.62 190.29
21.92 4.62 60.96 15.28 364.9 17.44 208.32 53.55 27.40 6.14 550.58 156.75
22.96 4.97 64.90 18.13 364.58 22.77 221.22 60.87 27.68 7.72 598.11 189.01
22.78 4.88 66.02 17.94 364.4 26.54 224.4 59.51 27.57 6.99 606.73 183.38
21.78 4.34 63.7 18.7 365.01 18.51 216.24 60.26 26.26 52 569.52 177.81
22.12 4.19 62.08 15.62 364.8 19.01 218.02 51.24 29.81 9.4 573.23 164.53
Number of years observed 34
* Observed
" Generated
V, = 1,000L, Ap,, (7) 5.1 Determination of the production function

where L,, A, are respectively the runoff (mm) and the area
of the catchment (kmz).

V, = 10P,S,, (8)

where P, is the precipitation (mm) to the stretch of water
from reserve. It is daily observed at the Ghézala-dam rain
gauge.

Vi =G 9)

where C; is the daily sum of irrigation, evaporation and
devasement during the period 7 (m® day™"). These values
are measured per day at the dam reservoir.

By replacing the terms by their expressions in the
Eq. (5), the runoff can be derived as follow:

(Si(t) + Sp(t+Ar) /2

L.(At) = A,

C:
x 0.1 (Hy(t+ At) — Hi(t)) — 0.01P, + 0.001.n. S—f ,

r

(10)

where L.(Af), n, H{t), H{t + Ar) are respectively the
runoff (mm), the number of days of the rainy episode,
the water level (cm) of reservoir at the beginning and
the end of an episode ¢ of duration ¢ = n days. H(t) and
H{(t + At), the water levels are daily measured at the dam
Ieservoir.
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of the runoff

The runoff can be calculated from the mean rainfall of the
catchment and other variables such as the antecedent pre-
cipitation index or the cumulative rainfall since the
beginning of the wet season.

L, = f(Pm,IPA,P.) (11)
The time step appointed for calculations is the duration of
the rainy episode. It is the originality of the method, which
is halfway between the traditional models working at time
step very short and aiming at reconstituting the hydro-
gramme (used in the flood predetermination) and the
monthly models aiming at calculating the monthly runoff.
The episode considered here, includes all days comprise in
the same sequence of flow and takes into account all the
rainfall during this sequence. For better separating
the flows, each episode is framed by at least one dry day.
The episodes generating a spill are excluded from calcu-
lations, because the spillage water cannot be evaluated
correctly with only one daily measurement of the water
level of the reserve whose variations during one day can be
significant lasting the periods of spill.

The parameters used in the production function of the
runoff are the runoff calculated from the Eq. (10), the mean
rainfall that corresponds to the rainfall of Ghézala-dam rain
gauge, the cumulative rainfall from September and the
antecedent precipitation index of Kohler (Kohler and
Linsley 1951) calculated so:
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IPA; = (IPAi_i + Pi)e ™™, (12)

where IPA;, P; _ |, IPA; _ 1, t and a are respectively the
antecedent precipitation index at day i (mm), precedent
rainfall (mm), antecedent precipitation index when the
precedent rainfall (mm), time interval between i et i—1
(days) and fitting coefficient determined by optimization in
Eq. (11) join L, and the variables P,, and IPA (o = 0.52 for
Ghézala catchment).

The runoff considered in this study is the sum of the
simple runoff and the retarded or hypodermic runoff. Now,
the episodes were defined so as to cover all the duration of
an increasing of the water level of the reservoir.

In hydrology, the methods of multidimensional analysis
can be used, such as the multiple regression or the
analysis in principal components, to describe the runoff
from the factors of which it depends (Lavabre 1980;
Chevallier 1983). The multiple regression is the method
most used to express the runoff according to the rainfall
and of an antecedent precipitation index (Chevallier 1983;
Albergel 1987; Seguis 1987). The rainfall used can be the
mean rainfall simply or the mean useful rainfall (Casenave
1978; Molinier 1981). The antecedent precipitation index
can take very diverse forms (Lafforgue and Casenave
1980; Chevallier 1983), it can be even replaced by the
cumulative rainfall since the beginning from the season.
But, the expression (13) is most often used to calculate the
runoff:

L, =a+ bP, + cIPA + dP,IPA, (13)

where L,, P,, IPA, and a, b, ¢ , d are respectively the
runoff, mean rainfall, antecedent precipitation index (mm)
and the regression coefficients.

This formula is tested by applying it to the hydrological
variables obtained. Tables 17 and 18 give the statistical
parameters, as well as the correlations between the
hydrological variables used in modelling. Table 18 shows
that runoff is correlated with the mean rainfall (P,,), but it
only is fairly correlated with the antecedent precipitation
index (IPA) and with the cumulative rainfall (P,). Between
these three variables, the correlation is sufficiently weak to
conclude their independence. Consequently, it can associ-
ate them as explanatory variables of the runoff in a mul-
tiple regression. The relation obtained arises in the
following form:

L, = 0.12891 P,, — 0.221821PA + 0.01827 P,,IPA
—0.70298 with > = 0.644 (14)
We tried to improve the coefficient of determination by

statistically seeking the best form of the runoff according
to the same hydrological variables. The best coefficient

Table 17 Statistical parameters of the hydrological variables of the
episodes (mm)

Variable N Mean SD Minimum Maximum
P, 368 21.74 20.76 0.10 112.2

IPA 368 5.15 6.63 0.00 30.98

P, 368 303.11 199.47 1.40 827.70

L, 368 3.21 7.57 0.01 35.60

Table 18 Correlations between the hydrological variables

Variable P, IPA P, L,
P"I 1.000

IPA 0.116 1.000

P, 0.158 -0.032 1.000

L, 0.561 0.231 0.283 1.000

of determination was obtained with the following
equation:
L, = —2.92111 + 0.00793 P. + 0.10606 P,,

+ 0.01866 P,,IPA — 0.00957 IPA? (15)

with ¥ = 0.70

Although the obtained coefficient of determination
cannot be regarded as very extremely, it constitutes
nevertheless, comparing to the preceding cases, a not
negligible improvement of the variance explained by the
regression.

5.2 Model validation

By carrying out a correlation between all the measured
runoff and the runoff calculated by the production function
(15) modelling the runoff, one obtains the Eq. (16)
allowing reconstituting the runoff on the catchment area:

L. = 0.86515L,, + 0.45002 with > = 0.92 (16)
The fact that the slope of the equation is not too different
from one show that calibrate is satisfactory. A lower slope
than 1 indicates a loss of water during runoff by evapora-
tion and/or infiltration (Albergel 1987). The coefficient of
determination of the Eq. (16) makes it possible to explain
92% of the variations of L, by that of L,,. The difference
comes mainly from the errors, on the one hand with the
approximation by assimilating the mean rainfall to that of
the entirety basin, and on the other hand, with the possible
inaccuracies in the estimate of the runoff. However, any
error made in one or more terms will find its effect in the
runoff.
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Table 19 Comparison of the generated series to the historic in terms
of extreme daily inflows (10° m®)

Time series Return period

2 5 10 20 50 100 200

Historic (3 Par. 0.602 1.38 1.894 2.387 3.026 3.509 3.996
lognormal)
Generated 0.587 1.281 1.805 2295 3.031 3.601 4.07

Table 20 Comparison of the statistics for generated weekly inflows
series to the historic (10 m?)

Series Mean SD Distribution  Auto- Auto-
skewness correlation  correlation
(orderl) (order2)
Historic 0.204 0.618 9.828 0.257 0.179
Generated 0.201 0.588 6.95 0.253 0.167

Table 21 Comparison of the statistics for generated monthly inflows
series to the historic (10° m®)

Series Mean SD Distribution  Auto- Auto-
Skewness correlation  correlation
(orderl) (order2)
Historic 0.885 1.787 3.432 0.143 0.170
Generated 0.872 1.708 4.059 0.132 0.157

Table 22 Descriptive statistics of historic and generated series for
annual inflows (10® m?)

Minimum Maximum Mean SD Distribution
Skewness
Historic series 0.809 24.48 7.803 7.502 0.675
Generated series 0.397 23.526 7.575 6.209 1.596

The precision of the model can be approached by the
criterion of Nash:

(Lre; — Lim;)*

=

Nash = 1 — /Nash € ]— o, 1],

(Lre; — L;m)2

-

Il
-

(17)

where N, Lrm,Lrc;,Lrm; are respectively the number of
observations, mean of observations, calculated and ob-
served runoff for time step i.

It is generally considered that a hydrological model
gives acceptable results if the value of the criterion of Nash
is higher than 0.8 (Nash obtained equalizes to 0.90).

@ Springer

Table 19 compares the generated series to the historic in
terms of extreme daily inflows while Tables 20 and 21
compare the weekly and monthly statistics for inflows of
the generated series to the appropriate historic series.
Table 22 gives the principal descriptive statistics of annual
inflows for the historic and generated series. A slight ten-
dency of the model to produce statistics values different
from the historic ones can be observed. This phenomenon
can be attributed to the incorporation of simplifying con-
cepts into the modelling and the small number of rainfall
stations (one). The accuracy of the model increases when
the number of rainfall stations is important and uniformly
distributed within the catchment.

6 Optimization

The dam operation was optimized for variable time steps
corresponding to the dry and rainfall events. The incre-
mental dynamic programming (IDP) (Larson 1968) was
used for this optimization. This is carried out over each
sequence and many times each because of IDP.

Times step are defined by the dry and rainfall events. The
state of the system at each stage is represented by the storage
volume of the reservoir S; and the inflow Q,. The decision
variable is the water released from the reservoir R,, which
contributes towards decreasing the objective function’s
value. The partially controllable O, part, spillage water,
influences only the value of the state variable for the next
stage.

The objective function is to minimize the expected value
of the weighted one sided squared deviation of the water
supply (releases) from the irrigation demands over the total
period. It is expressed in mathematical terms as:

T
% = MinimizeEY [w, (R, — Dtﬂ with R, <D,

=1
(18)
where

i iteration index;

E denotes the expectation;

D, downstream irrigation demand during time step ¢,
hm3;

T  total number of time step in a climatic cycle (variable
from one year to another). The maximum value of T'
that was used in this study is 47. T corresponds to the
number of dry and rainfall events for a given rainy
season plus the length of the dry season discretized in
month;

R, release from the reservoir during time step 7, hm”.

w, objective function weight that takes account of the
nature of event (dry or rainfall):
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B {wo tis dry

w; = .
w; tis wet

The use of this objective function was necessary due to
several reasons. The reservoir dam bears an important
objective of meeting the irrigation water demands with the
best fit. A ‘deviation’ type of an objective function best
represents this objective. It is also recognized that large
deviations from the demands produce more adverse effects
on irrigation areas. This implies the suitability of a squared
deviation objective function.

This optimization is subjected to the following con-
straints:

The release from the reservoir is constrained by the
discharge capacity of the conduit:

O<R <Rmax; t=1,2,....T (19)
where
R, max maximum allowable release from the reservoir

during a time step 7, hm>.
Since it concerns an upper limit of release, R, max can be
given by this equation:

R,max = Q.d, (20)
where
Q and d are respectively the discharge of the conduct

(m3 dayfl) and time duration of the event in
days.
Reservoir storage during any stage must be within the
limits of minimum and maximum live storage capacity.

Smin €8 <Smax; 1=1,2,,...,T (21)
where
Smax ~Maximum storage of reservoir at the beginning of

stage t, hm3;
Smin  Minimum storage of reservoir at the beginning of
stage t, hm?>.
State transformation equations according to the principle
of continuity are presented in the following.

St+1 = Sz + Qt - Et - Rt - Ot (22)

with

0, = Max (S; + Qz - Ez - Rt - Smax» O) (23)
where

S, storage of reservoir at the beginning of stage #, hm?;
Q, incremental inflow to reservoir during stage f, hm3;

E, losses (principally evaporation) from reservoir during
stage f, hm3;
0, spill from reservoir during stage , hm?;

E_, = 1/2Er,170 [a (Stfl) + a (Sf)] YVt (24)
where

E, o expected evaporation loss during stage ¢, m;
a(S,) surface area of the reservoir corresponding to the
storage volume §,, at the end of stage t, 10° mz;

5
a($)=> wS Vi (25)
i=0

where
o; are the fitted regression coefficients.

6.1 Regression analysis

Having formulated the deterministic optimum operation
pattern for each streamflow sequence, after simulation re-
cord for optimum trajectory, a least square multiple
regression analysis was performed to formulate an opera-
tion rule for the reservoir operation. Combinations of
independent variables were considered in a preliminary
regression analysis in order to determine the significant
variables to formulate an operation policy. These inde-
pendent variables include initial reservoir storages, inflows
of reservoir corresponding to the current time step, and
irrigation water demand as linear terms. Their cross prod-
ucts and quadratic terms were also considered. Reservoir
releases were considered as the dependent variables. From
the results of the preliminary analysis, the combinations of
independent variables that are found to be insignificant
were removed and the analysis was repeated with the
remaining variables.

7 Results

For the regression, five intervals were identified. An
equation for every initial storage interval was formulated.
The operation rules per events, derived by using an
objective function of minimization of the squared deviation
of the irrigation water supply from the demand, can be
expressed as:
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Table 23 Regression

coefficients of Ghezala Dam Intervals of the initial Ay Agj Ay Ay R?
(1SO) storage (S;) (in hm?)
[Smin—5.5[ —3.81 x 1072 5.069 x 107 0.683 0.199 0.65
[5.5-7[ 3.166 x 107 4.815 x 107 0.912 -0.199 0.81
[7-8.5[ 4.579 x 107> 6.668 x 107 1.217 -0.338 0.87
[8.5-10[ 6.49 x 1072 0.245 1.131 -0.561 0.90
[10-Simax] 3.624 x 1072 8.184 x 1072 1.069 -0.21 0.90

Table 24 Comparison of the performance of implicit stochastic
optimization based operation with that the deterministic optimum and
historical operation

Alternative: N° Average annual
shortage at

reservoir (hm3 )

Probability of
failure events'

Objective function:
minimum squared

deviation
(1) Implicit SDP 0.341 0.248
(2) IDP 1.317 0.294
(3) Historical operation 0.961 0.394
- -+~ lrrigation deficit
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Fig. 8 Percentage of irrigation deficits of ISO based operation policy
per event

R, = Ay;S; + Ay Oy + A3iDy + Ayj, Vit € [l tng

(26)

where

R, release from the reservoir during event (dry or
rainfall) ¢, hm3;

S; storage of reservoir at the beginning of stage ¢, hm’;

0, inflow to reservoir during stage f, hm?;

D,  downstream irrigation demand during the stage 7,
3

hm’;
A;; regression coefficients, i =1,2,...,4,j =
1,2,...,5 intervals of the initial storage (S;);
tmax ~maximal duration of the event (dry or rainfall),
1 day.

The estimated regression coefficients of Eq. (26) are
presented in Table 23. Corresponding ‘coefficients of

"Failure to satisfy the irrigation water demands
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determination’ (Rz) are also included in the same table.
According to the operation rules of Eq. (26), the dam
operation was simulated. Hydrological data of Ghezala
dam are available from water years 1985 to 2002. The
simulated dam performance obtained by to these ISO based
operation rules are compared with the simulation per-
formed according to the deterministic optimum operation
and the historical operation, in Table 24. The percentage of
irrigation water deficits of ISO based operation rules are
shown in Fig. 8. Figure 9 illustrates the comparison of the
ISO based operation rules simulated for this period.

8 Discussion and conclusions

The so-called dry spell phenomenon in the basin of Ichkeul
seems to be particularly well described by fitting a pdf to
the length of the interevent time. As Fig. 6 reveals, the
elongated tail of the negative binomial pdf provides an
excellent fit for the prolonged dry periods between sub-
sequent rainfall events. Conceptually, in a true Poisson
process, the time ‘without event’ should follow the expo-
nential pdf or, in a discrete case, the geometric pdf (Fogel
and Duckstein 1982). It is interesting to note that this ‘flaw’
could be eliminated by defining the interevent as the (dry)
event (Bogardi 1986; Bogardi et al. 1988). Consequently,
the present role of the intervent time would be taken over
by the duration of the rainfall events (Bogardi et al. 1988).
As Fig. 4 shows, the theoretical requirement of the fitted
geometric pdf would then be fulfilled.

The distribution of rainfall depth associated with dif-
ferent duration classes seems to fit theoretical expectations.
The use of the conditional pdf instead of the more
demanding joint pdf makes it possible to perform an event-
based analysis in cases of limited data.

The generated synthetic rainfall event time series have
been coupled with a deterministic rainfall-runoff model
to obtain synthetic streamflow series that were used for
reservoir optimization.

Cross products and quadratic terms of independent
variables such as the initial reservoir storage, reservoir
inflows corresponding to the present and previous event,
and irrigation water demand were found insignificant. The
shape of the optimal operating rules of the reservoir is
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rather linear. This results in an operation rule by event (dry
or rainfall) for each of the five intervals of the active zone,
which the Decision Maker can use for a more realistic
management of reservoirs.

In Table 24, the results of the IDP model indicate the
objective achievements for the particular historical data set.
Table 24 shows that the ISO based operation policy out-
performs the deterministic optimum operation. Moreover,
the former is preferable in terms of the probability of failure.
It can be seen that the historical operation has been medi-
ocre in terms of the water shortage and the probability of
failure events compared to the ISO based operation policy.

The Fig. 8 shows water supply deficits in the periods of
1987 to 1990 and 1993 to 1996 explained by overdrawn
hydrological years and a peak in the 2001-2002 period due
to three consecutive dry years (of 1999-2001). The dif-
ference between simulated supply and target demands is
shown for the same periods in Fig. 9. During the hydro-
logical year 1987-1988, the historic annual inflow to
Ghezala dam was nil.

It can be noted that the model inaccuracies induced by
the ISO approach are quite significant. These inaccuracies
accrue in the first instance during the data generation
process. The deviation of the characteristics of generated
data from that of the historical data is seen in Table 16. The
accuracy of the rainfall-runoff model increases when the
number of rainfall stations is sufficient and uniformly
distributed within the catchment. Subsequent regression
analysis increases the level of inaccuracy. These inaccu-
racies could be further enhanced in the case of a complex
reservoir system.
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