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Preface 

Egypt in need to increase its agricultural production within a restricted 
availability of Nile water contained in Naser Lake, 

The increment of agricultural production can be achieved by irrigating 
the land around Nile Valley, delta, and deserts. 

During the last two decades, the annual runoff of the River Nile has 
declined to be below its average (55.5 billion m1 / year. This brought 
into attention the necessity of effective usage of the available 
underground water inventory (4.5 billion nr / year) [ Diab, 1992; 
Biswas, 1991] beside the optimum usage of the available water of 
River Nile. 

Although underground water represent about 9% of the total water 
available in Egypt, only 3% are currently used [Diab, 1992 and 
Faned, 1988]. 

Therefore, the development of underground water resources plays an 
important role for the efficient use of River Nile and for the control of 
the underground water distribution. 

As Nile water (Surface water) in Egypt is limitted by the present quota 
of the River Nile, and already water shortage occurs during the 
summer season, the underground water storage basin becomes an 
important factor in the total water management. 

The aquifer can be over-pumped during the summer and replenished 
by subsurface drainage water during the remaining months. Anyhow, 
the main source of recharge the underground water storage specially 
in the Nile Valley and delta is the seepage from the River Nile. 

Underground water in the Nile Valley and delta is an important 
resource for both irrigating the land of the deserts and domestic water 
supply for Villages. 



This research project investigates the Neural Networks Approach for 
solving this underground water problem. 



Problem Statement : 

Egypt could be divided into 4 major hydrologic provinces. 
separated by natural boundaries [Diab, 1992]. 

These provinces are : 

1. The western desert; 

2. The Delia Nile and the Nile valley, 

3. The Eastern Desert, and 

4. The Sinai Peninsula. 
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1. The Western desert: 

Underground water in the Western Desert, generally founded at 
great depths. This is not a renewable resource. Preliminary 
estimates indicate that the total underground water storage in 
this area is about 40,000 milliard m (Mm ). 

Use of this fossil water depends on the cost of pumping and 
potential economic return over a fixed time period. 
Investigations at New Valley indicate that annually about 1.042 
Mm of underground water can be used at an economic return 
rate. This will allow land irrigation of about 150,000 feddans, of 
which 43,000 feddans are already being cultivated. Therefore, 
we can cultivate another 107,000 feddans, and this can be 
increased to about 250,000 feddans if we use the great depth 
underground water [Biswas, 1991]. 

2. The Nile Delta and the Nile valley : 

The underground water basin below the agricultural lands of the 
Nile Valley is in fact a large storage reservoir. The total 
available underground water storage in the Nile valley aquifer is 
about 200 Mm . [The capacity of Naer Lake is about 130 Mm , 
Water Research Center 1990™ Biswas, 1991 ; Attia, 1987] 

-i 

Another 300 Mm is available in the Delta region [Bioswas, 
1991].Thus, the total underground water storage in the Nile 
valley and Delta is about 500 Mm . 

The current annual rate of abstracting the underground water for 
domestic, industrial, and agricultural irrigation was about 2.66 
Mm in 1992. This can be increased to 4.9 Mm', which is 
estimated to be equivalent to the annual recharge rate [Diab, 
1992; Biswas, 1991]. 

The main source of recharge the underground water in the Nile 
valley is the seepage from River Nile. 
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3. The Eastern Desert: 

The.Eastern Desert is the poorest hydrologic province in Egypt 
because it is dominated by crystalline igneous and metamorphic 
rocks. However, there are several wades which can hold 
amounts of rain and runoff water, as Wadi Qena and Wadi 
Araba fdiab, 19921. 

4. The Sinai : 

Underground water is available in Sinai in numerous aquifers of 
varying sizes. More studies are necessary before a better picture 
emerges of underground water storage and availability in Sinai 
and Eastern Desert [Allam, 1992; EJ-Sorady, 1992]. 

The underground water in the aquifer is generally recharged 
from the seepage of the surface water, especially from the River 
Nile, irrigation canals, rainfall, and by down-water percolation 
of subsurface drainage water in traditionally cultivated lowland, 
and in reclaimed desert areas. 
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Research project Objective : 

a. To determine the monthly optimum quantity of water released 
from Naser Lake through the Aswan Barrage and enhancing the 
productivity of the underground water extraction in the Nile Valley 
and the Nile Dela. 

b. Predicting the released water from Naser lake for the next year and 
planning a strategy for underground water demand which satisfies 
the balance between the rechai'ge and discharge of the underground 
water inventory. 

c. Construct a comprehensive system for water distribution in Egypt. 
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Artificial Neural Networks Approach : 

Artificial Intelligence (AI) is the part of computer science concerned 
with designing intelligent computer systems, i.e., systems that exhibit 
the characteristics we associate with intelligence in human behavior: 
understanding-language, learning, reasoning, solving problems, and so 
on[Luger, 1989]. 

In AI, the terms problem solving and search refer to a large body of 
core ideas that deal with deduction, inference, planning, 
commonsense reasoning, theorem proving, and related processes. 

Applications of these general ideas are found in programs for natural 
language understanding, automatic programming, robotics, expert 
systems, and mathematical theorem proving. 

An expert system is a knowledge-based program that provides "expert 
quality" solutions to problems in a specific domain. Generally, its 
knowledge is extracted from human experts in the domain and it 
attempts to emulate their methodology and performance. 

Artificial Neural Networks (ANN) have emerged in recent years as an 
outcome of a desire to mimic the human brain. 

In AI, we begin by reasoning and go down decomposing the reasoning 
into rules. The ANN approach ,on the contrary, begins with a small 
building block (the neuron). We then proceed to build a system by 
interconnecting a large number of neurons such that the output of the 
system matches the required solution to the problem. 

Unlike traditional expert systems where knowledge is made explicit in 
the form of rules, ANN generate their own rules by learning from 
being shown examples. Learning is achieved through a learning rule 
which adapts changes the connection weights of the network in 
response to the example input and (optionally) the desired output of 
those input. 
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There are a number of reasons why ANN are appealing as mechanism 
for implementing intelligence. Traditional AI programs tend to be 
brittle and overly sensitive to noise; rather than degrading gracefully. 
Such programs tend to be either right or fail completely. Human 
intelligence is much more flexible; we are good at interpreting noisy 
input, such as recognizing a face in a darkened room from and odd 
angle or following a single conversation in a noisy party. Even where 
a human may not be able to solve some problems, we generally make 
a reasonable guess as to its solution. ANN, because they capture 
knowledge in a large number of fine-grained units, seem to have more 
potential for partially matching noisy and incomplete data. 

Again, this research project investigate the ANN approach for solving 
the underground water problem. 

Chapter I illustrates an idea about River Nile. 

Chapter II describes the mathematical rationalization of water 
inventory. 

Chapter III is devoted to the mathematics of ANN in general. 

In Chapter IV, the Backpropagation model of ANN and its application 
has been discussed. 

Chapter V has been devoted to the application of ANN in solving our 
water distribution problem. 

At last, a conclusion is mentioned in Chapter VI. 

Finally, due to the shortage of data and information about TOSHKA 
area, the ANN has been learned and trained on the available data for 
the Underground water in the Eastern deserts and the available water 
of River Nile. 

When information and data of Toslika are became available, the ANN 
can be used (without major changes) to get the optimum distribution 
of the water in Toshka area. 
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Chapter 1 
On the River Nile 

Introduction 

The underground water in the Egyptian east and west deserts is not 
a water-resource in itself; it is mainly fed and recharged by the water of 
the River Nile indirectly. However, the Nile water has been facing 
problems from time to time as a consequence of the contradiction 
happening in distributing the River Nile water. For instance, establishing 
some projects on the Nile flow in the Nile countries may decrease the 
quantity of the water arriving to Egypt or may delay its arrival at critical 
time . 

Since the Nile water represents the vital artery of Egypt, and since 
there is a probability that in implementing some foreign projects on the 
Nile flow would minimize the water quota of Egypt, then it is necessary 
to rationalize the usage of the surface water of the River Nile and the 
underground water all over the Egyptian land . 

1- Sources of Nile Water and Egyptian Needs of Water ( 1.6 ) 

Egypt is toiling to increase the present quantity of water so as to 
face the increasing needs of the water year after year . It is well known 
that Egypt and eight other countries participate in the Nile valley water, 
Egypt and Sudan are considered the destination of the River Nile while 
the others are the source countries from which the Nile is provided by 
water through rains. These source countries are Ethiopia , Tanzania , 
Kenya, Burundi, Rwanda and Zaire. The water of the Nile originate from 
two main sources : 

• The equatorial lakes which are Victoria Keoga and Albert lakes . The 
equatorial lakes provide the river with a continuous flow of water all 
the year around by an average of 26 .5 million cubic meter (m.m ) 
yearly . The lakes lose a quantity of water due to evaporation and some 
quantity is added from Bahr El Gazal so the total quantity of water is 

3 
about 15 m.m before the mouth of the Subat on the white Nile . 
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• The Abbesenea Mount. The proceed of Abbesenea Mount is seasonal 
i.e., during the flood season only. It includes the Subat that its annual 

3 

proceed is 13.5 m.m in average, the Blue Nile that its annual proceed 
3 3 

is 54 m.m, and the Atbara that its annual proceed is 12.m.m in 
average. So the total quantity of water proceed from these rivers is 79 . 

3 

5 m.m in average / year. 
3 

The whole proceed of the river water is 94.5 m.m average/year 
3 

and about 10.5 m.m are considered as losses, so the net quantity of the 
3 water flow at Aswan is 84 m.m distributed between Egypt and Sudan, 

3 3 
55.5 m.m for Egypt and 18.5 m.m for Sudan. The total feasible water 

3 

proceeds for Egypt amount to 60.7m.m yearly. The sources of this 
amount are as follows: 

3 

• 55.5 m.m from Nile water. 
3 

• 2.9 m.m from water table reservoir. 
• 2.3 m.m from water of draining canals. 

On the other hand, the Egyptian needs of water can be classified as 
follows : 

1- For cultivation, 85% of the available water is needed, the amount of 
3 

water is estimated to be about 49.7 m.m /year; this quantity varies and 
depends upon crop structure and the cultivated area. 

3 

2- For drinking water, the quantity of 3.3 m.m / year is needed. 
3 

3- For industry , the quantity of 2.2 mm / year is needed , and. 
3 

4- Unconsumed water, the amount is estimated to nearly 5,m.m disposed 
as river navigation, electricity during December, January and February to 
run turbines, and water balancing, i.e., water disposed for keeping safety 
balance, especially after the corrosion has taken place behind the bridge. 

The following table illustrates the annual quantity of waters 
received to Egypt from the River Nile from year 1975 to 1986. 
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Table ( I ) . Egyptian Annual Receiving River Nile Water 

year Quantity of water/year year Quantity of water 
m.m3/year 

1975 
1976 
1977 
1978 
1979 
1980 

80 . 1 floody 
57 unfloody 
61.7 unfloody 
62.5 unfloody 
50.2 imfloody 
78 . 5 imfloody 

1981 
1982 
1983 
1984 
1985 
1986 

55.9 unfloody 
41 . 9 unfloody 
47 .25 imfloody 
33 unfloody 
58 unfloody 
49 unfloody 

Beside the limitation of the present Egypt's quota of the surface 
Nile water, it should not be ignored that there are several probable 
engineering projects which can be implemented and affected by the 
Egyptian quota of Nile water. 

Such projects may be erecting dams on the Blue Nile in Ethiopia , 
or establishing dams on Subat and Atbare rivers , or transferring the water 
of Tana lake to Place River, or transferring the Nile water to the Nakab 
desert as Israel ambition etc . So it very essential to rationalize the usage 
of the available quantity of the underground water beside the surface 
water. 
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Chapter 2 
Mathematical Rationalization of Water Inventory 

Introduction 

Egypt needs to raise its agricultural and industrial production in the 
coming few years. These increases in the production plus the increases of 
the domestic water consumption will be achieved mainly from the water 
of the Nile Vally and the Delta. During the last two decades, the annual 
runoff of the Nile River has declined to below its average of 

3 

55.5m.m /year. 

This brought into attention the necessity of effective usage of 
available the underground water resources which is estimated to be 4.9 

3 

m.m / year. Although these underground water resources represent 9% of 
the total water available in Egypt, only 3 % is currently in use 
(see Diab (3)). 

As the surface water supplies to Egypt are limited by the present 
quota of Egypt from the Nile, and since the underground water is not a 
resource in itself, the underground water storage basin becomes an 
important factor in the total water management. 

The inventory theory and the neural network technique may be 
utilized to rationalize the usage of the limited amount of the underground 
water in Egypt. Figure (1) shows that the underground water is generally 
recharged by the seepage of the surface water of the Nile River, irrigation 
canals, rainfall, and down water percolation of drainage water. In Egypt, 
recharge from rainfall is neglected. 

4 



Underground Water 

* 

Drainage 

r 1 

Irrigation 

STile Water 
— ., ^ 

Underground Water 
Inventory 

Underground 

seepage 
Underground Water 

Inventory ■'■— — ' — — . — ■► 

Water Extraction 

i r 

Losses 

Fig. (1) 

The main object of this study is to determine the optimal quantity 
of the water released from Lake Nasser and to enhance the productivity of 
the underground water extraction in TOSHKA area. This strategy for the 
underground water demand satisfies the balance between the recharge 
and discharge of the underground water inventory. 

2.Some Mathematical Models for Inventory-Control 
Problems (5) 

In this section, we will present the inventory theory approach in 
solving the problem of production schedule, in case of deterministic 
demand and in case of stochastic demand. Some practical mathematical 
inventory models in each case will be presented, 

An inventory problem exists when it is necessary to stock physical 
items for the purpose of satisfying demand over a specified time horizon 
(finite or infinite). Let us consider the plight of the manufacturer of 
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seasonal items which must determine the monthly production schedule of 
the items of the next 12 months. The demand for the product is assumed 
to be fluctuated over the coming year. It is required to meet the monthly 
requirements as a given sales-forecast and it is important to fulfill the 
demands either by producing the desired demand during the month or by 
producing part of the desired amount and making up the difference by 
using the over production from the previous month, i.e., stock is 
available. In general, any scheduling problem has many different 
approaches that will satisfy the unit time-period requirements. For 
example, the exact number of items required by the sales forecast can be 
produced at each unit of time. However, a fluctuating production 
schedule is costly to maintain because of the overtime costs in high-
production at a certain time and because of the costs associated with the 
release of machinery in low production at another period of time. 

On the other hand, the fluctuating requirements can be faced by 
over producing in periods of low requirements, storing the surplus, and 
using the excess in periods of high requirements. However, because of 
the cost of keeping items in storage, such an approach may be not 
efficient if there are comparatively large surpluses at a certain unit of 
time. 

Problems of this nature involve difficulties that arise whenever 
contradicting objectives are inherent in the models. For this kind of 
problems, the target is to determine an efficient production schedule 
which minimizes the sum of the costs due to the output fluctuations and 
due to inventories. 

Efficient scheduling means the determination and acceptance of a 
compromise solution which lies between the two extreme solutions, the 
one that minimizes surpluses and the one that minimizes fluctuations. 
Obviously, the optimum production schedule will depend on the relative 
costs assigned to the conflicting objectives. 

Let us develop some mathematical models for Inventory 
Scheduling Problems. 
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2.1 Inventory Models with Deterministic Demand 

Practically, it is very difficult to formulate a single general 
inventory model taking into account all relations and variations in the 
real-world systems. Therefore, such models are usually developed for 
specific situations. In this section, we consider the inventory models 
which involve completely known and fixed demands. 

21.1 Model (I): Uniform Demand Rate & Infinite Production 
Rate 

Let us assume a manufacture that produces a single commodity and 
has to provide items at a uniform rate R / unit time, i.e., the demand is 
fixed and known. 

Let: 

R = the number of items required / unit time, 

C\ = the cost of holding one item in inventory unit time, 

C2 = shortage cost /item /unit time 

C2 = ( a , since no shortage are allowed), 

C3 = the cost of setting up production run 

q = the number of items produced / run , ( q = Rt) 

t =the interval of time between two runs, and 

Im = the number of inventory items at the beginning of time 
interval t ( I is a variable ) . 



Since model deals with infinite rate of production, the replacement 
must be instantaneous, i.e., lead-time equals zero. The problem is then to 
determine the optimal number of units to be processed in each production 
run. Figure (2) illustrates how the inventory system operates with the 
assumptions imposed in this model. 

Inventory with Infinite Rate of Production 

Inventory 

q 

Fig. (2). 

Starting at any time with an inventory q, the inventory 
Will decrease at the rate R until it reaches zero, then an order of q items 
must be placed immediately to satisfy the demand without delay. If a 
production run is made at intervals t, then a quantity q = Rt must be 
produced in each run. The stock in an infinitesimal mterval of time dt is 
Rtdt. 

Hence, the stock in time interval t is 

t 

J Rtdt = 1 Rt2 = 1 qt (Area of inventory triangle) 
2 2 

T 
time 
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The cost of holding inventory for production run 
= L Q q t . 

2 . 
.". the average total cost /unit time = ICY qt + C3 , i.e , 

2 
C(q) = l c , q + C3R 

2 q 
Since the object of this model is to minimize the total cost, hence, C(q) 
will be minimum if 

dc(q) = o and d cfq) > o . . . 1 
dq dq 

Satisfying the two conditions of ( 1 ) , coe deduce that 
the optimum number of produced items q0/am is 

q0 = \ 2C.R 
C, 

and the optimum interval of tim t0 

\ 

2C3. 
CiR 

and the minimum average cost C0 / unit time is 

C0 — \ 2Ci C3R 

Formula (2) is known, as tlie optimal lot size . 

In this model, we have assumed that the lead time is zero, however, most 
practical problems involve a positive lead time from the time of the 
items-order until the delivery is actually satisfied. Thus if L is the lead 
time and R is the inventory consumption rate / unit time, then the total 
inventory requirements during the lead-time = LR. Therefore, an order of 
q quantity must be placed as soon as the stock level becomes LR, i.e., 
there is a reorder point p = LR 
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2.1.2. Model (II): Non-Uniform Demand Rate & Infinite 
Production Rate 

All assumptions of Model (I) are supposed to be satisfied in this 
model, except that we are given some total demand D to be satisfied 
during a period of time T, and the demand rates are different for different 
production runs. 

Now if q is the fixed quantity produced / production run, then the 
number of production runs is 
N = D / q . 
And so T = ti + 12 + tn , 

where ti is the time interval between production run 
i and i+1 . 

Hence, the holding costs for the time period takes the form 
T - (_i q ti)d +(J„qt2 )c2 + ...+CLq tn)Ci -JLqTci, 

2 2 2 2 
and the setup costs = C3.N = C3.D / q. 

Thus the total cost c (q) - 1 q TCi + C3D/q . 
2 

The minimum cost and the optimal lot size are determined by satisfying 
the two conditions : 

_d_c(q) = 0 and d ~c(q) > o . Hence 
dq dq2 

The optimal lot size q0 = \ 2C^ (D/T), and 
Ci 

the minimum total cost c0 (q0) = \ 2C\ C3 (D/T) 
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2.1-3 Model(III) Uniform Demand Rate and Finite Production 
Rate 

For this model it is assumed that a new production run is started 
when inventory becomes zero, and the run size is constant. 

Let K be the number of items produced / unit time. 
Figure (3) illustrates the variation of inventory with finite rate of 
production. 

Inventory with Finite Rate of Production 

INVENTORY 
LEVEL 

TIME 

Fig.(3). 

The production -rim time t for this problem is divided into two periods of 
time: 
• the time period t during which the stock is accumulated up to a 

constant rate of K-R items / unit time , and 
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• the time period t2 during which there is no production and inventory is 
decreasing at a constant demand rate R / unit time . 

If Im is the inventory available at the end of time t i , 
then Im = (K - R ) t i . 

However, the remaining quantity available at the end of t\ is 
Im = q - Rti , 

where Rti represents the required quantity during t i . 
••• Im = K - R q . 

K 

Hence , the holding cost pre-production - run time t is 
I I,n t Ci and the setup cost per production run is C3. 
2 
Thus the average cost /unit time is , 
C ( I m , t ) = I I m C i + G t / t = l K - R G q + G». R . 

2 2 K q 

Differentiating c(q) with respect to q and equating 
the result to zero , we get. 
the optimum lot size q0 = \ 2C2 . KR ,and 

Ci" K-R 

the optimum time interval t0 x <k • 2C3_ . _K 
\ R CiR K-R 

and the optimum average cost C0 - 2CiC3R . K=R 
K 

Note : if K = R , then C0 = 0, i, e, there will be no holding cost 
and no setup cost. 

if k = 00 , then this model reduces to model (I). 
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2.1.4. Model (IV) Uniform Demand Rate, Infinite 
Production Rate, and Allowed Shortages 

In this model, we assume that the lead-time(%) is zero. The total 
time period T is divided into n equal time intervals each of length t; 
further the time interval t is subdivided into two subintervals ti, &t2, 
where tt is the time during which the items are being produced and 
accumulated but not to the q-level? and t2 is the time during which items 
are drawn from inventory. Figure (4) illustrates this situation 

Inventory Variations for Uniform 
Demand Rate and shortages 

INVENTORY 
A 

(o,Im) 
►TIME 

Fig (4) 

The total inventory during the time period 
t - area A o ab = I I . ti 

Lead time is the time between placing an order and its receipt in stock If the 
lead time is zero, there will be no need to order in advance. If it is not zero by an 
amount equal to lead time, provided the demand is Known. 
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Hence, the inventory holding cost during time t =_1_ Ci.Im.tl 

2 
Also, the total shortage during time t= area A acd =_l(q-Im).t2 

2 
The set up cost during time t = C3. 

.'. The total overage cost / unit time has the form: 

C.( Im ,t) =±J± Q Mi +J.C2 (q-Im) t2 ] + C3 ,or 
t 2 2 t 

c ( im , q) =J_Q L_+J_c2 CatU2 + £a£ • 
2 q 2 q q 

Equating the partial derivative of C (Im, q) with respect to Iin with zero , 
we get 

dCfln^q) = Ci^n - Cofq-Im) = 0 , which implies 
dim q q 

1™= C2 . q 
Ci+C2 

Since & C (Im ,q) > o 
51 m 

then the optimal value of Im , I C2 .q 
C,+C2 

Similarly dCd^q) = 0 , implies 
dq 

q = \ Qi±C2 
C,C2 

\ 
2C.R 

Since A 
ai m

2 

dqdlm 

3Imaq 
> o , hence, 
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the optimal value of q 

A Ci±C2 v 
c2 \ 

2C3R 
Ci 

Hence , the minimum average cost / unit time is 

C°( I m ,q ) C 
\ C\+C2 \ 

2CiC3R ,and 

the optimum time interval t° between production runs 

is t° = _ol 
R 1 C i + G 

C, \ 
2C3_ 
C,R 

2.1.5 Model (v) Uniform Demand Rate. Finite Production Rate, 
and Allowed Shortages. 

The time interval t is divided into intervals tj, t2, t3, U- In the 
beginning, the inventory equals to zero, it increases at a constant rate 
(K-R ) in the time interval ti, until it reaches a level Ira. During the time 
interval t,, there will be no replenishment and the inventory decreases at 
constant rate Run till it becomes zero. Shortage starts piling up at 
constant rate R during the time interval t3 until it reaches a level S. 
Finally, production Starts and shortage decreases at a constant rate K-R 
during the time interval t4 till the shortage becomes zero . This completes 
one cycle of time t, and this cycle repeats itself over and over again. 
Figure (5) illustrates this scheme . 
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Inventory Variations with Uniform Demand Rate and Finite Production 
Rate and Shortages . . - -

Inventory 

T f 

v \ t3 u 
\ ^ b< ► * - > / d 

A\ v \ t3 u 
\ ^ b< ► * - > / d 

\j 

s\ 
-i- \ 

— ► 

V 
<r- t X — ► <r- t 

►time 

Fig (5) 

Now, holding cost during the time interval t =Ci ._L„Im (ti+t2) 
2 

The shortage cost during the time interval t = C2 . ]_S (t3+t4) 
2 

The set up cost = C3 

.'. Total average cost / unit time 

C = I d .Im.(ti+t2) +LC2.S (t3 + U)+C3 
2 2 

ti+t2+t3+t4 
C is a function of the variables Im ,S,ti ,t2 ,t3 , and U 

We have ; 
Im = (K-R) ti and Im=Rt2 implies 

(K-R) t!=Rt2; 
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furthermore S= Rt3 and S= (K-R) U implies 

(K-R)t4 = Rt3. 

Since (K-R) (U+U)= R (t2+t3), Im+S=R (t2+t3), 

and q = Kft+ti), then 

Im= q ( l - R J - S . 
K 

Also 
ti+t2 = Jo +Im_ = { q ( l - R ) - S } { !_+_!} , 

K-R R K K-R R 

and t3+t4 = S + _S_ = S { 1 + 1 } . , 
K-R R K-R R 

and ti+t2+t3+t4 = _q_ . 
R 

Substituting by Im , ti+t2 ,t3+t4, and ti+t2+t3+t4 into 
the equation of the total cost C , we get 

C ( q,s ) = _ i _ . _ K _ . {Ci[q KrR - S]2 + C2S2 } + R X 3 . 
2q k-R k q 
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The cost function c (q,s) attains its minimum value when 

£ [C (q,s)] = o , _d [C (q,s)] - o and 
dq ds 

# a2. 
5q2 

dsdq 

dqds 

ds' 
> o dq 

Satisfying these conditions, we get the following optimal values 

The optimal backlog level S° = q k-R . C\_ , 
k Ci+C2 

The optimal quantity q° = 
\ 

(Ci+Cz) - (_k_) • (2C 3 R) , 
C2 k-R Ci 

The minimum cost C° = 
\ 

2C1Q2 .C3 . ( R ( k - R ) ) , 
i Ci+C2 k 

The optimal time interval t =_g_ = 
k \ 

(Q+Ca ).( J L ) . Q Q a ) , 
k-R CjR 

The optimal inventory quantity I m= 
\ 

( C O ■ (k=R) ■ (2C3R), 
C!+C2 k C, 

Note that if k = 00, then this problem reduces to model (IV), and to model 
(I) if k=oo&C = 00, and to model (III) if C2 = 00 . 

2 .2 Inventory Models with Stochastic Demand(5) 

Generally, in practical problems, demand is hardly known 
precisely, only probability distiibution of future demand rather than the 
exact value is known, i.e., stochastic demand. For problems of stochastic 
demand, expected costs rather then actual costs are to be minimized. The 
expected costs are usually obtained by multiplying the actual costs for a 
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particular situation with the probability of occurrence of that situation and 
then either summing up or integrating according to either discrete 
probability distribution or continuous distribution respectively . 

In the sequel, we consider four different types of inventory 
problems with stochastic demand . 

let 

R = the discrete demand rate with probability PR, 

Im = the discrete stock level for time interval t, and 

t = constant interval time between orders. 

2.2.1 Model (I): Discrete-Stock Level and Instantaneous 
Demand Rate 

In this model, the production is assumed to be instantaneous, lead 
time and set up cost be zero. 

The problem is to find the optimal level of I when R > Im or 
R < Im , at the beginning of each time interval. 

When there exists surplus in stock , i.e , R < Im, 
the cost of oversupplying = C\ (Im-R) . 

When the quantity demanded > stock quantity, i.e., R>Im , 
the cost of under-supplying = C2 ( R - Im ) . 

There fore, the expected cost / unit time is : 

C i ( I m - R ) .P R if R< Im 

C 2(R -Im) .PR if R < Iffl 
and 0 if R =Im 
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Hence, the total expected cost / unit time takes the form : 

C(Im) = C i I ( I m - R ) . P R + C 2 Z ( R - (Im+1)).PR-
R=o R=I +1 

m 

The solution to the problem is the value Im which minimizes the 
total expected cost C(Im). 

It is well known that for the probability PR , 
im oo oo 

I . PR + I PR = 1 PR = 1 . 
R=o R-I +1 R=o 

m 

It is easy to show that 

Im oo 

C(l ra+l) = [ C 1 Z ( I m - R ) . P R + C 2 I ( R - ( W P R ] 
R=o R = T 

Im Ini im+1 
+ C 1 I P R - C 2 { 1 - I P R } . 

R=o R=o 

Tha t i sC( I m +l ) =C(Im) + (C, + C 2 ) .P -C2 

Similarly , it has been deduced that 

C(Ira-l) = C(Im) - (C,+C2) PR -1+ C2 
— im 

Let us consider the quantity Im such that 

(Ci+C2).P&L - C2>o 

and - (d+C 2 ) . P ^L-i + C2 > o 
( 2 . 2 . 1 ) 
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0 v 

Since PR<im is non-decreasing for increasing Im , then for 

any integer Im > Im and any integer Im < Im, inequalities 
( 2 . 2 . 1 )hold. 

Hence 

C(Im) > C (£) forlm >C; 
and 

o * o 
C(Im) > C ( I m ) forIm> Im 

that is Im which satisfies the inequality 

PR<I° -i < C2 < P RST 
Ci + c 2 

is the optimal value of Im which minimizes the 
expected cost C (I ) . 
Therefore, if the oversupply cost C1 and the shortage cost C2 are known , 
the optimal quantity I m can be determined when the value of 
cummulative probability distribution exceeds the ratio C2 . 

Note that if I m is such that P R<J° < C2 = P R<r 
0 

m 
Q+C2 

then C (Im+1 ) = C (Im) , and in this case the optimal 

quantity of Im is I m or I m + 1 On the other hand, 
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if I mis such that P-R<im_i= C2 < PR<im , then 
d+C 2 

C(Im- l ) = C ( I m ) > and in this case the optimal 
O 0 ( 

quantity I m is I m -1 or I 
.0 

m 

2.2.2 Model (It) Continuous - Stock level and instantaneous 
Demand Rate 

In this model, the stock levels are continuous, rather than discrete . 
The cost function for this model is similar to the one derived for model (I) 
with two differences: PR is replaced by f(R) dR, where f (R) is the 
probability density function, and the summation is replaced by 
integration. 

Now, 
the expected quantity of oversupply = J (Im -R) f(R) dR, 
and 

the expected quantity of under-supply = J ( R -1^ ) f(R) dR, 
Then the total expected cost is 

Im oo 

C(Im)=C! I ( Im -R ) f(R) dR +C2 flm (R - Im) f(R) dR. 
O J 

m 

The cost C(Irn) is minimum if 
d C ( I m ) - o a n d _ d L ( C ( I m ) ) > o . 

2 
dim dlm 
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Applying the rule : 

b(x) b(x) 

d_ [I (R,x) dx] = j _a. f(R,xm)dx + [f(R,x)dR.f(x) * 
dim a(x) a(x) ax dx *» 

to tlie cost function C(Im), we get 

d_ [ C (Ira)h Q f1 (1 -o) f(R)dR+d [(Im-R)f(R) M f 
AT R = ° 1̂T R = 0 

dlm dlm 

+ C2 f(o-l)f(R)dR+C2[(R-Im)f(R)_dR] . 
Im J T R=Im 

dlm 

The last equation reduces to 

Im 
d_ ( C(Im)) = (Ci +C2) J f ( R ) d R - C 2 
AI R=0 

dim 
Im 

_d_ (C(Im)) =o implies that I f(R)dR = G> . 
dlm Ci+C2 

Since Ci and C2 are positive constants and f (Im) > o , tlien 

d i _ [ C ( I m ) ] > o . 

Hence , the optimal value Im is the one that satisfies 

0 
I m 

If ( R ) d R = C 
Cx+C2 
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2.2.3 Model (III) Discrete - Stock level and Continuous -
Demand Rate 

The reorder time is assumed to be fixed and known, so 
the set up cost equals zero; furthermore, the production is assumed to be 
instantaneous and so the lead time is negligibly small. There are two 
cases in this problem: 

• the case when R < Im , i.e , there are no shortages, 
in this case, the only cost considered is the holding cost 

which is = Ci (Im- R )t 
2 

• die case when R >Im , i.e., the Shortage Cost is involved. 
Figure ( 6 ) illustrates the inventory situation for the case R > Im 

2 2 
The cost involved in this case = Ci I mt + C2 (R-ImTt 

2R 2R 
Hence the total expected cost / time is 

im 00 

C(Im) = X Q (Im- R ) . PR + S (Cjfni + C2 (Mm-f 1-PR-
2 m 2R 2R 
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Inventory Variation When R > Im 

INVENTORY 

R 

► TIME 

F i g . ( 6 ) 

The total expected cost / unit time will be minimum if the inventory level 
Im satisfies the relation : 

where 
But 

AC (Ira-1) < o < A C (Im) , 
AC(Ira) = C(Im+1 ) - C(Im) , 

Im 
ACGn)= (Cj+Ca) I PR + (d+C2) I 2Im+l .PR-C2. 

R=o R=lnvH 2.R 
Im 

AC (I m ) > implies _ C 2 _ < I P R + (Im+ V) I PR . 
R=o R=I +1 

Ci+C2 2 m R 
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Similarly , AC(Im-l ) < o implies that 
I m - l oo 

_ C 2 _ > I PR + ( I m - l ) Z JPR 
R=o 2 R=Im 

Ci+C2 R 
Hence the relation 
Im-l 00 Im QO 

I P R + ( V _ L ) I PR< CO. < I PR + ( l m + L ) I PR 
R=o 2 R = t a R ^ +n

 R = 0 2 R-&n+l R 

gives the range of optimum value of Im ,i.e? the stock levels which 
minimize the total expected cost. 

2.2.4 Model (IV) Continuous -Demand Rate and Continuous Stock 
Levels 

The expected Cost function for this model takes the form : 
Im 00 

C ( I m H Ci( Im-BJf ( R ) dR + J {Qitj^+ Q2(RAmL} f (R)dR. 
o 2 Im 2 R 2 R 

Differentiating C (Im) with respect to Im , we get 
Im 00 

d_(C(lm))KCi+C2) 1 f(R) dR+(C1+C2) 1 Im flR) dR - C2 

dIM R 
The cost will be minimum if _d_( C (Im)) = 0 , thus , 

Im 00 ®Im 

I f (R)dR + f I m f (R)dR = Co_ ( 2 . 2 . 2 ) 

R Ci+C2 

oc 

Since d!_(C(Im))= (C1 + C 2 ) J f iB}dR>o , 

dl R 
m 

Hence , equation ( 2. 2 .2 ) determines the optimum value of Im which 
minimizes the total expected cost / unit time . 
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Chapter 3 
Artificial Neural Networks Application 

The Case of Water Distribution 
Problem in Toshka Area 

Introduction 

Artificial Neural Networks have emerged in recent years as a 
desire to mimic the human brain thinking, Neural networks are human 
attempts to simulate and understand what goes on in nervous systems, 
with the hope of capturing some of the power of the biological systems. 
Generally, the artificial neural networks approach as a technique for 
solving real-world problems begins with a small building node, then a 
process is carried out to build a system by interacting a certain number of 
nodes such that the output of the built system achieves a required solution 
to the problem to a certain degree of accuracy. 

In the 1950's and 1960's, a group of researchers produced the first 
artificial neural networks. Initially, these neural networks were 
implemented as electronic circuits, then later converted to the more 
flexible models of computer simulation. Mervim Minsky, Frank 
Rosenblatt, Bernard Widrow, and others developed neural networks 
consisting of a single layer of neurons which were applied to diverse 
problems such as weather forecast, artificial vision, operations research 
problems, etc. Discoveries, by several researchers independently in the 
1980's, and the widespread of an effective general method of training 
multi-layers neural networks played a major role in the dissemination of 
neural networks as a tool for solving wide variety of complex problems . 

Scientists do their best to answer the question: - Why do electronic 
computers and humans differ so significantly in the way they execute the 
tasks? The answer has been found in the biological nervous system. A 
computer usually consists of one processor operating alone, executing 
instructions one at a time, which were written by a programmer. On the 
contrary, the human-processor is the nervous system which consists of 
billions of brain cells (neurons) interconnected to each other and carries 

* 
For a review of artificial neural networks, see Fausett ( 4 ) . 
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out millions of processes simultaneously. In this direction, scientists have 
made many attempts to simulate the functions of the human brain by 
developing sophisticated neural networks, expert systems and fuzzy logic 
which collectively make up the field of artificial intelligence. 

Neural networks have applied to hundreds of different applications. 
Among them are: 

. Robotics. 

. Medical diagnosis. 

. Targeted marketing. 

. Speech synthesis. 

. Pattern recognition on an assembly line. 
• Process control. 
. Financial prediction. 
. Noise filtering. 
• Linear programming problems. 
. Classification. 
• Multi-objective programming problems, and many others. 

3.1 Neural Networks: Structures and Classifications 

A neural network is built of a certain number of elements called 
neurons, nodes, or in computer terminology: Processing Elements (PEs). 
These nodes are usually arranged in layers and each node is connected to 
many nodes in other layers by means of direct communication links or 
arcs. Sometimes nodes are connected to nodes in their own layer, or even 
to themselves. Each direct link is associated with some weights and each 
node processes the net input it receives via the connected links by an 
activation function and provides an output value to other nodes via its 
outgoing connections. Deciding how the nodes in a network are 
connected, how the nodes process their input and how the connection 
weights are modified creates a neural network. Now a day, there are so 
many different types of neural networks, and are being added every day. 
Figure (7) illustrates a typical neural net work. 
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A Typical Neural Network, Showing Layers and Neurons 

Layer 2 

Layer 1 

i k v. Layer 0 

Fig. (7) 
A neural network is usually characterized by: 

. Its pattern of connections between the nodes, i.e., its architecture, or 
structure, 

. Its activation functions, and 

. Its method of determining the weights on connections, i.e., the 
learning/ training algorithm. 

Training the neural network is achieved through learning rules, 
which adapt the connection weights in response to the connected inputs 
and the desired outputs. 
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There are two characteristics that help to divide neural networks 
into a few basic categories: 

. whether the data flows through a network in the forward direction 
only, or in both forward and backward directions, 

. Whether the network is given the correct required solution during 
training, or the network figures this output by itself. 

Networks in the forward direction are called feed-forward 
networks. Networks with connections that allow data to flow forward and 
backward are called feedback networks. Back-propagation is an example 
of a feed-forward network, and a recurrent network is an example of a 
feedback network type. 

In this work, we will be using a back propagation network as a new 
procedure for solving the problem of optimal utilization and distribution 
of underground water in TOSHKA ZONE. 

The second major characteristic used to classify a network type is 
how the network is trained. The most common technique for training a 
network is to feed the network with the input and desired output or result. 
Some learning rules and mathematical functions are applied to the 
network producing a current output to be compared with the desired 
output. The difference between these two values is called the error. The 
error is then used to adjust the weights of the weighted arcs so that the 
network will produce a result a bit closer to the desired output in the next 
iteration, i.e., the network is being trained. This type of learning or 
training is called supervised; back-propagation network uses the 
supervised learning technique; an example of supervised learning is the 
Hebbian learning. 
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3.2 A Feed-Forward Neural Network Training Back-
Propagation Algorithm 

Let us assume that we have a feed-forward Neural Network 
(FFNN) where the nodes are organized into layers, and the weighted arcs 
only link nodes in lower layers to nodes in higher layers. Nodes in the 
input layer, called input nodes, accept input from outside world and nodes 
in the output layer, called output nodes, generate output to the outside 
world. Nodes in the input layer are used to distribute inputs only and do 
not serve any processing or computational function. Nodes in layers 
between the input layer and the output layer are called hidden nodes, and 
these layers are called hidden layers. 

Let the input layer be called layer 0 and let the number of layers be 
m. If two nodes are not connected, the connectivity weight between them 

i i 
is o. Associated with each i) k is a node bias, also called threshold, 6 ̂ . 

i 
Let u k denote node K in layer i , 

rjj be the number of nodes in layer i , 
ij j i 

co b be the connectivity weights from o r to u k, 
kr ij i 

w = {co , G } denote the set of weights and node biases. 
Kr K 

no n m 

A (FFNN) can be considered as FFNN: R —»R ,i.e., FFNN is a 
no n m 

map mapping vectors from input space R to the output space R . 
FFNN is a dynamic process in which the inputs and outputs of the nodes 
are updated sequentially from the input layer to output layer. In each 
iteration, the computation process composes of two parts, the summation 
computations and the transfer computations. 

For the summation computations, the input to u k , denoted by y 
is computed as the weighted sum of the outputs of all nodes connected to 

i 
it from all other lower layers plus G k , i.e . 

i-l nj ij j i 

y = £ D »kr xr+Gk , i> 0 .... ( 3. 2.1 ) 
K 

j=o r=I 

J j 
where x r is the output of u r . 

31 



For the transfer computations, the output node is computed, based 
upon its input, by its activation function. The most frequently used 
activation function is the sigmoid function defined as . 

xU 1 , (3.2.2.) 
1+ y> II 

where T is a user-selected scalar determines the stepness of the activation 
function. 

The purpose in training a FFNN is to determine the values of the 
elements in W so the FFNN can closely represent the desired outputs. 
The training of a FFNN is accomplished by: 

• Mapping input vectors from the training set by the 
current topology of the FFNN to their computed output vectors, 

• Comparing the computed output vectors with their respective desired 
output vectors in the training set, and then, 

• Adjusting the values of the components of W so as to reduce any 
differences between the computed and desired out put vectors . 

After a number of iterations, the connectivity weights and node 
biases of the FFNN will converge to a set of values that minimize the 
differences between the computed and desired output vectors, and the 
FFNN will organize itself internally, constructing a model to represent 
the unknown mapping from the input space to the output space. Thus any 
new input vector presented to an appropriately trained FFNN will 
produce an output vector similar to the one that would have been given 
by the actual mapping . 

An algorithm for training FFNNs with multiple layers, which can 
be used in the optimal distribution of underground water, is presented . 

Other forms for the activation function may be the linear function ,the step 
function, the tanh function, etc. 
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The algorithm is based on the error of the back-propagation 
technique. Generally, the learning rule of this technique is based on the 
current weights, values of input, the actual output, and the desired output, 
and the following is its formula ; 

a>ij (n+1) = coij (n) + A caij , where 
A cof = r| Sj outi. 8j = — (target j - outj), 

Sj = — ^ d x ^J_ x(l-x), x^ 1 andr\ is a 
dy T 1+ e~y/T 

constant called the learning coefficient. 

The main aim of training a FFNN is to 
iteratively adjust the weights in order to 
minimize the differences (Targetj-outj), 
for all j , with some permissible error. 

Generally the training process proceeds as follows : 
• It starts with some initial weights co , h = 1 . 
• The FFNN is fed with an input vector representing the input values, 

and an input vector th representing the desired output values. 
• The input is processed forward through the network layers till a 

computed output vector yh is created. 
• A= yh - th is computed. 
• The weights are updated according to the rule 
• (olvrl = coh + Ah , where 

h is the number of iteration . 

• The previous two steps are repeated until the desired output vector, 
with certain accuracy, is obtained. 

The following back-propagation algorithm uses a combination of 
the Golden section Method and a "doubling and halving " line search 
strategy, and the Polak and Ribiere conjugate gradient direction . ( See 
Wasserman (8) Lahedi (9) ) . 

OUtj 

Wi 

Xi=OUti x n 
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no th n 
Let xq sR be the q input vector and tq sR ra be the associated desired 
output vector in the training set. 

no+n 
The pair ( xq , tq) eR m is called a training pattern. Let the number 
of patterns in the training set be denoted by Q . 

When xq is fed the network, the FFNN maps it to an output vector 
th 

yq based on 3.2.1.& 3.2.2. We define the error measure Eq for the q 
training pattern as 

% 
Eq = _Lr ( tq j -yq j ) 2 . 

2 

The overall error measure over all Q is given by : 
Q Q % 

2 
E (Q) = E Eq (ffl) =_!_ Z I (tqj - yqj) 

q=l 2 q=l j=l 

Now, the steps of the training back-propagation algorithm can be as 
follows: 

Step o. Initialize the connectivity weights coi to small values. 
Let 8i > o and 82 > o be small real values. Let a0 > o be a pre -
determined constant. Set the iteration number h=l 

Step 1. Compute Gh, the gradient of E (co) with respect to as follows: 
i J 

d Eq (<a) = - 8qk yqr o<i<m , 
O CO 

kr 

j i i 
where y is the computed output of node u r and 8 qk is 

i 
the error signal of node u k and is computed recursively in terms of the 
error signals of all nodes to which it directly connects, i.e., 

i i i m ns s si 

Sqk = i„Xqk (1 - Xqk) Z X §qt COtk • 

T 
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Gh = VE (co) = { g^ }, i=l,2,...,mj = o ,... ,m -1 , K = l,...,n 
andr = 1,... , n.; 

ij Q Q i j 
g = dE((p) = 2 dEq(co) = - £ 8 x 

kr q=l qk 4 r 

u q=i u 

kr kr 

Let the search direction O = - G 
h h 

Step 2. Update the connectivity weights by the rule 

co = co ' + T|* D , 
h+l h ' h ' where rj*is the learning rate . 

Let r)*be the value corresponding to the minimum 
of E(co + T I D ) 

v h ' V 

(*) 

Step 3. If E (co ) - E (co ) < 8 , then stop . 

Step 4. Let h=h+l . If (h mod | co 11 ) = o , go to stepl , 
otherwise , ( | co | is the Cardinality of co ) go to step 5 . 

Step 5. Compute Gh . If the norm I I Gh I I < s2 , then stop otherwise, 
compute 

0^= (Gh -Gh- l ) .Gh- l 

I I G w I I 
if otj > ao , then set a^ = cxo and compute a new search direction 

■ D = - G + a. D, , . 
h h h h-1 

( ) note that for a given training set and wh and a given search direction Du , 

E becomes a function of r\ 
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Chapter 4. 
Back-Propagation Neural Network with Momentum 

Introduction 

In backpropagation with momentum, the weight change is in a 

direction that is a combination of the current gradient and the previous 

gradient. This is a modification of gradient descent whose advantages arise 

chiefly when some training data are very different from the majority of the 

data (and possibly even incorrect). It is desirable to use a small learning 

rate to avoid a major disruption of the direction of learning. However, it is 

preferable to maintain training at a fairly rapid pace as long as the training 

data are relative similar (Wasserman, 1989). 

Convergence is sometimes faster if a momentum term is added to 

the weight to update the formulas on the net. In order to use momentum, 

the weight (or weight updates) of different trials must be saved. For 

example, in the simplest form of backpropagation with momentum, the 

new weights for training step t+1 are based on the weights at training steps 

t and t-1. The weight update formulas for backpropagation with 

momentum are 

wjk(t + l) = wjk(t)+o5lzj+n[wjk(t)-wjk(t-l)] , 

or 
Aw Jk (t +1) = a5 k z 3 + |uAw Jk (t) 



and 

vij(tH-l) = vu(t) + o5jxi+ji[v|j(t)-vij(t-l)] , 

or 

Av,J(t + l) = a5Jxi+^Avlj(t) , 

where the momentum parameter u is constrained to be in the range from 0 

to 1, exclusive of the end points. 

Momentum allows the network to make reasonably large weight 

adjustments as long as the corrections are in the same general direction for 

several patterns, using a smaller learning rate to provent a large response 

to the error from any one training pattern. It also reduces the likelihood 

that the net will find weights that are a local, but not global, minimum. 

When using momentum, the network is proceeding not in the direction of 

the gradient, but in the direction of a combination of the current gradient 

and the previous direction of weight correction. 

Choices 

Random Initialization. The choice of initial weights will 

influence whether the network reaches a global (or only a local) minimum 

of the error and, if so, how quickly it converges. The update of the weight 

between two units depends on both die derivative of the upper unit's 

activation function and the activation of the lower unit. For this reason, it is 

important to avoid choices of initial weights that would make it likely that 

either activations or derivatives of activations are zero. The values for the 

initial weights must not be too large, or the initial input signals to each 

hidden or output unit will be likely to fall in the region where the derivative 

of the sigmoid function has a very small value (the so- called saturation 

region). On the other hand, if the initial weights are too small, the network 
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input to a hidden or output unit will be close to zero, which also 

causes extremely slow learning. 

Our procedure, as shown in Chapter 3, is to initialize the weights tc 

random values between -i and i (for i=0.1) and increase i by 0.1 in eaci 

step until the training process reaches a suitable interval. 

How long train the network. Since the usual motivation foi 

applying a backpropagation network is to achieve a balance between 

correct responses to training patterns and good responses to new inpul 

pattern (i.e., a balance between memorization and generalization), it is nol 

necessarily advantageous to continue training until the total squared erroi 

actually reaches a minimum. The available data is normally broken down 

into two sets of data: a set of training patterns and a set of testing patterns. 

These two sets are disjoint. Weight adjustments are based on the training 

patterns; however, at intervals during training, the error is computed using 

the testing patterns. As long as the error for the testing patterns decreases. 

training continues. When the error begins to increase, the network is 

starting to memorize the training patterns too specifically (and starting to 

lose its ability to generalize). At this point, training is terminated. 

4.1. Min Max Tables and Network Ranges 

The raw data is typically in the original units of measurement and 

may have values that are too large or small, or are not centered. For 

example, in training a backpropagation network, desired range of values 

for input values might be 
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Input minimum value = -1, 

Input maximum value = 1. 

Choosing such values may help keep the network nodes from 

saturating and being unable to learn. If we present a backpropagation 

network with input value such as 55.5, as seen later in our problem in the 

next chapter, then even with small weights in tlie network, the summations 

will be huge and the activation functions will become saturated. When 

saturated, the derivative of the sigmoid (or hyperbolic tangent) is close to 

zero at large (either positive or negative) summation values. Since the 

derivative is a multiplier in the weight update equation, learning stops for 

processing elements with such large summation values. 

NWorks addresses this problem with an easy to use pre-processing 

facility. The pre-processing facility computes the lows and highs of each 

data field for all the input data files to be used with a given network. These 

lows and highs are stored in a table called a Min Max table. The user then 

decides what ranges the input and output should be scaled to the 

presentation to the network. NWorks then computes the proper scale and 

offset for each data field. Real world values are then scaled to network 

ranges for presentation to tlie network. After the network has produced a 

network scaled result, the result is de-scaled to real world units. 
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Table 4. 1 

File layout Start Field Network Ranges 

Input 1 -1 1 

Output 14 -0.8 0.8 

When we select the Min Max table check box and the hyperbolic 

tangent transfer function, as seen later in Chapter 5, NWorks automatically 

created a Min Max table from the data files and set the network input and 

output ranges as shown in Table 4.1. In case of a sigmoid network the 

settings are: 

Input Network Ranges 0 to 1 

Output Network Ranges 0.2 to 0.8 

The choice of Network Ranges is closely linked to the number of 

inputs, the type of transfer function in use, and the initial weight values in 

the network. 

The basic idea is to choose a range that produces summations, 

which will not initially saturate the transfer function. 

4.2. Learning Schedule 
One way in which researchers have attempted to improve the speed 

of training for backpropagation is by changing the learning rate during 

training. This is handled by the use of learning schedule. Only one column 

from the schedule is used at a time. All others are ignored. The row at top 

of the learning schedule is labeled "Learn Count", as shown in table 4.2. 

The values in this row should increase from column. The column following 
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the last one should have a value of zero. The learn counter is 

compared to the "Learn Count" at the top of each column. The column 

chosen is the first one in which the learn count is greater than or equal to 

the value in the learn counter. In other words, the "Learn Count" is the 

high inclusive boundary for a column. 

Table 4.2 

Column 1 2 . 3 4 5 

Learn Count 10000 30000 70000 150000 310000 

Learning Rate 0.5 0.25 0.25 0.00391 0.00002 

Momentum 0.4 0.2 0.05 0.00313 0.00001 

Tolerant Error 0 0 0 0 0 

In the following table (Table 4.3) we show that which column would 

be chosen for different values in the learn counter. 

Table 4.3 

Column 1 2 
i ' . "i .M-. 'M1 i W l i r i . n l 

3 4 
i» H . ' 'i " i l i l i i " ' ■ '■'■ 

5 

Learn Count 50 100 200 300 0 

Learn Counter Column Reason for choice 

200 3 100 < 200 < 200 

210 4 200<210<300 

350 4 Past the end of the table 
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The parameters in the selected column are the ones used by 

the processing element 

During learning, the counter is incremented one for each training 

cycle and holds its value unless the network is reinitialized; in which case 

it is reset to 1. Each time a new training example is presented to the 

network, the learn counter is incremented. 

The learning rates can be made to change dynamically as the 

learning process proceeds. 

The primary purpose of the learning schedule is to control the 

learning parameters as learning proceeds. 

The parameters in this schedule can be adjusted to allow one layer 

to reach equilibrium (or for its learning to stabilize) before another layer 

begins learning. 

This is accomplished by using a different learning schedule for each 

layer, and setting the learning rates in each column appropriately. 

Learn Temperature 

This allows noise to be introduced during the learning process. In 

many instances, it is useful to introduce noise into the training set to help 

the network avoid local Minami. As the training proceeds, the amount of 

noise is reduced to zero (NeuralWar, 1991). 

For example, uniform function adds a random number within a 

specified to each unit summation value in the layer. The range for random 

to each unit summation value in the layer. The range for random plus or 

minus one percent of the temperature value, as shown in table 4.2. The 
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random number for the "noise" value is different for each unit in 

the layer. Tolerant error value to be considered as zero (when this value is 

reached stops). 
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Chapter 5 

Application of Neural Networks for Solving 

Water Distribution Problems 

51 . Designing Neural Network Architectures 
This section discusses the difficult problem of deciding on the 

structure and training of a backpropagation network. 

It is assumed that the problem to be solved indicates that a multi­

layer backpropagation network is the most appropriate model. Given that 

assumption, we must design the network. While there are no hard and fast 

rules for defining network parameters, we can generally be safe if we 

follow three guidelines (Taha et aL, 1995; Masters, 1993): 

(1) Use one hidden layer. 

(2) Use very few hidden neurons. 

(3) Train until you can't stand it any more, 

Choosing an appropriate number of hidden neurons is extremely 

important. Using too few will starve the network of the resources which it 

needs to solve the problem. 

Using too many will increase the training time, perhaps so much that 

it becomes impossible to train it adequately in a reasonable period of time-

Also, an excessive number of hidden neurons may cause a problem called 

over fitting. The network will have so mach information processing 

capability that will learn insignificant aspects of the training set, aspects 

that are irrelevant to the general population. If the performance of the 

network is evaluated with the training set, it will be excellent. 
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The best approach to finding the optimal number of hidden neurons 

is time-consuming, but should always be followed for important tasks. 

Start with a number of neurons which is definitely too small. If coming up 

with a good guess for "too small" is impossible, start two neurons! Choose 

an appropriate criterion for evaluating the performance of the network. 

Train and test the network, recording its performance. Then slightly 

increase the number of hidden neurons, and train and test again. Repeat 

this until the error is acceptably small, or no significant improvement is 

noted, whichever comes first. It's brute force and it's slow, but it works. If 

validation sets are easily obtained, we may want to try adding neurons past 

the point of acceptable results, counting on the validation procedure to 

warn us of over fitting. Otherwise, we should be content with using the 

bare minimum number of hidden neurons necessary to achieve acceptable 

performance. Increasing the number beyond that minimum will often cause 

deterioration in generalization ability. 

5-2. Optimal Network Architectures 
We have seen that the network architecture is very important, and 

each application requires its own architecture. 

To obtain good generalization ability, one has to build into the 

network as much knowledge about the problem as possible (e.g., the 

topology of the input space) and limit the number of connections 

appropriately. It is therefore desirable to find algorithms that not only 

optimize the weights for a given architecture, but also optimize the 

architecture itself This means in particular optimizing the number of layers 

and the number of units per layer. 
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Of course there are various different criteria for optimal, including 

generalization ability, learning time, number of units, and so on. In fact, 

giving various hardware restrictions, there may be quite a complicated cost 

function for the architecture itself. We focus mainly on using as few units 

as possible; this should not only reduce computational costs and perhaps 

training time, but should also improve generalization {Burattini, 1993), 

It is of course possible to mount a search in the space of possible 

architectures. We have to train each architecture separately by (say) back-

propagation, and then evaluate it with an appropriate cost function that 

incorporates both performance and number of units. Such a search can be 

carried out by a genetic algorithm, so that good building blocks found in 

one trial architecture are likely to survive and be combined with good 

building blocks from other trials {Hertz, 1991). However, this kind of 

search seems unlikely to be practical for applications requiring large 

networks, where training just one architecture often requires massive CPU 

power. 

More promising are approaches in which we construct or modify an 

architecture to suit a particular task, proceeding incrementally. There are 

two such ways to reach as few units as possible: Start with too many and 

take some away; or start with too few and add some more. In section 5.4 

we follow the second way of optimizing the architecture. In this case it is 

necessary to retrain the network after each update of the network 

parameter, through this, retraining is usually rather fast. 

The back-propagation algorithm described in Chapter 4 which is 

used for training networks has two major problems: 
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1. The algorithm is sometimes trapped in the local minima of the 

squared error function. 

2. The weight coefficients after training are different, depending on the 

network configuration, and the initial values of weights. 

Our solution to these problems is training a number of networks 

each operating with different initial weights distributed random range, 

different hidden nodes number, and using the learning schedule of Table 

4.1 of the previous Chapter with uniform noise function and then compute 

the minimum value of the mean square error of their outputs. 

Suppose that we have a realistic model with 13 inputs and 2 outputs, 

and in the next sections we construct the optimal network architectures for 

this model, as seen latter in Fig. 5.33 of Section 5.5. 

53. Network Construction Algorithm 
We used the following network parameters to construct the 

network: 

1. Learning Rule (Delta) . 

2. Activation Function . 

3. Learning Rate ( a ) . 

4. Momentum Coefficient (JLI) . 

5. Epoch Size . 

6. Initial Weights Distributed Random Range (IWDRR) 

7. Hidden Layers Number . 

8. Hidden Nodes Number (H). 

9. Tolerance Error. 
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The following procedure can be used to get the desired network, see 

Fig. 5.1, : 

1. Construct the model. 

2. Select the network architecture . 

3. Prepare the training and test files . 

4. Adjust the network parameters . 

5. Training the network . 

6. Test the network, compare the outputs with the desired 

outputs and calculate a measure of their difference. A 

common used method is the Mean Square Error (MSE): 

S('. -».) 
MSE = ^± 

n 

where t* is the target output 

■Oi is the desired output, and 

n is the number of cases. 

The object of training is to minimize this MSE, often called 

the objective function. 

7. If the MSE is acceptable, then go to step 9. 

8. If the situation needs a change of parameter, then go to step 

4, otherwise go to step 2 . 

9. Stop . 

5.4. A Parametric Analysis 
In this section, we conduct a parametric analysis, whose results 

should further improve the design and the performance of the architecture 
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of the model (Lodewyck et aL, 1993; Tarn, 1992; Wilson, 1992; Eberlein 

etal, 1991), 

Our procedure based on the minimization of the objective function 

(MSE). 

Experiments were conducted to determine the effect of several key 

network parameters of I networks (for I = 1 , ... , n ; n = 12). To simplify 

the presentation and concentrate on going insight , we illustrate our 

analysis in case of I = 1 , and hence we illustrate the trials of I cases (for 

I = 1 , ... , n; n = 12). We have two directions . In the first direction we 

used the sigmoid activation function and changing the other network 

parameters. In the second direction we used the tanh activation function 

with the adjusted network parameters of the first direction . 

The network failed to converge if the testing tolerance is less than 

0.002; this would imply an infinitely large number of runs. 

We illustrate our analysis of the two directions in the following two 

subsections: 

5.4.1. Sigmoid Architectures 
In this section we illustrate our work to construct an optimal 

network architecture to solve our problem using the sigmoid activation 

flmction. Figure 5.2. illustrates the main processes to construct the 

architecture which minimize the objective function. As shown in this 

figure, we start with the delta learning rule, 0.4 momentum coefficient, 0.4 

learning rate, one epoch size, and IWDRR = [- 0.1, 0.1] at step 1 and go 

through step 6 by changing one parameter in each step. We explain these 
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steps in detail in the following procedure for case 1 = 1. We initialize, 

train, and test the network after changing any parameter . 

Figures 5.1, 5.2, 5.3, 5.4, and 5.5 are graphs of MSE as a function 

of hidden nodes number, epoch size, learning rate, momentum coefficient 

and activation function, respectively. 

Step 1 : In this step we changed the number of hidden nodes from 

0 -100, see Fig. 5.1, we seen that the MSE (= 0.056882 ) is 

minimum at 4 hidden nodes and increased otherwise. The 

graph suggests that the hidden nodes number should be 4. 

Step 2 : From the previous step ? we construct the architecture 

13-4-2 (this means that, 13 input nodes, 4 hidden nodes, and 

2 output nodes) and changing the epoch size as shown in 

Fig. 5.2. The epoch size which minimize the MSE 

(-0.056667) is equal to 2 . 

Step 3 : By using the result of step 2 and by changing the learning 

rate from 0.02 - 0.75 we see, as shown in Fig. 5.3, that the 

minimum of MSE is equal to (0.058875) at 0.5 learning 

rate. 

Step 4 : From step 2 and by changing the momentum coefficient 

from 0.2 - 0.9 we can see that the momentum, which 

minimize the MSE (= 0.056763), is equal to 0.4, as shown 

in Fig. 5.4. 

Step 5 : By using the result of step 2 and by changing the activation 

function we get the MSE's minimum at sigmoid activation 

function with MSE = 0.064674, as shown in Fig. 5.5. 
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Step 6 : From the previous steps, we see that, the minimum value of 

the MSE is equal to (0.056664). 

We try to reduce the MSE by increasing the IWDRR from [-0.1,0.1 ] 

to [-1, 1], see Fig. 5.6 for I = 1. It is clear that, MSE has the minimum 

value, which equal to (0.055331), at IWDRR = [-0.4, 0.4]. 
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We applied these values of the network parameters for the cases 

from I = 2 to I = 12 and plots the MSE of the results, as shown in Fig. 5.7 . 

From this figure, we see that, some cases (I = 5, 7, 8, 9) have MSE less 

than 0.03 and other cases (1=11,12) have MSE greater than 0.20. 

The network of architecture 13-4-2 was trained after increasing the 

IWDRR over the range [-0.1, 0.1] - [-1, 1] with 

hidden layer size fixed at 4, 
learning rate fixed at 0.5, 

momentum coefficient fixed at 0.4, 

training tolerance fixed at 0.002, 

epoch size fixed at 2, and 

sigmoid activation function. 

Figures 5.7 and other trails in case of IWDRR equal to [-0.1, 0.1], 

[-0.4,0.4], [-0.5,0.5] and [-1,1], we see that, there is successively 

decreasing of the MSE. The average of MSE is (0.078) in case of IWDRR 

For 1=1, by increasing the IWDRR [-5, 5], the MSE reduced to 

(0.036798) at [-3, 3]. 
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Fig 5.7 MSE versus months in cascofIWDRR=|-0.l, 0.1 

and architecture 13-4-2. 
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5.4.2. Tanh Architectures 
In this section we used the tanh activation function, and adjusted the 

other network parameters as shown in the last step of Fig, 5.2 . 

(13-10-2) Architecture 

In this case we started with 10 hidden nodes and increase the initial 

weights random range from [-0.1,0.1] to [-1,1] for case I (I = 1 , ... , 12). 

We initialize, train, and test the network for each case of I in each range 

of the initial weights. Then, we compute the MSE for each case and plot 

its results as shown in figures 5.9, 5.10. 

The network of architecture 13-10-2 was trained after increasing the 

IWDRR over the range [-0.1, 0.1] - [-1, 1] with 

hidden layer size fixed at 10, 
learning rate fixed at 0.5, 

momentum coefficient fixed at 0^4, 

training tolerance fixed at 0.002, 

epoch size fixed at 2, and 

tanh activation function. 

From fig. 5.9, 510 and other trails in case of IWDRR equal to 

[-0.1,0.1], [ -0.4, 0.4], [-0.5,0.5], and [-1,1], we see that, the average of 

the MSE is 0.09 in case of IWDRR=[-0.1,0.1] and decreased to 0.06 in 

case of IWDRR = [-0.4,0.4] and IWDRR= [-1,1]. 

It is clear, from Fig. 5.9, that the MSE is less than 0.05 in case of 

(I = 5, 7, 8, 9, 10, 11) and greater than 0.25 in case of (I = 1, 3). But in 

Fig. 5.10 the MSE is less than 0.02 in case of (I = 5, 6, 8, 9) and greater 

than 0.08 in case of (I = 1,3, 7). 
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13-10-2 IWDRR [-0.1,0.1] 
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Fig. 5.9 MSE versus nioiUlis iii cascof IWDRR=|-0.l, 0.l| 

and architecture 1.3-10-2. 

13-10-2 IWDRR [-0.4,0.4] 
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Fig. 5.I0 MSE versus months in case of 1WDRR=|-Q.4, 0.4|. 

and architecture li-lU-2. 
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(13-20-2) Architecture 

In this case, we increased the hidden nodes to 20 hidden nodes with 

the same network parameters of the above case. We illustrated the graphs 

of the MSE of this architecture, 13-20-2, in Figures 5.18, 5.19, 5.20 and 

5.21. 

The network of architecture 13-20-2 was trained after increasing the 

IWDRR over the range [-0.1, 0.1] - [-1, 1] with 

. hidden layer size fixed at 20, 

• learning rate fixed at 0,5, 

. momentum coefficient fixed at 0.4, 

. training tolerance fixed at 0.002, 

• epoch size fixed at 2, and 

• tanli activation function. 

From Fig. 5.9, 5.10 and other trails in case of IWDRR equal to 

[-0.1, 0.1], [-0.4, 0.4], [-0.5, 0.5], and [-1, 1], we say that, the 

average of the MSE is 0.08 in case of IWDRR==[-0.1,0.1] and decreased to 

0.058 m case of IWDRR - [-0.5, 0.5]. 
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(13-30-2) Architecture 

In this case, we used 30 hidden noaes and also the same network 

parameters as in the previous case. The results of this architecture are 

shown in Figures from 5.22 to 5.26. 

The network of architecture 13-30-2 was trained after increasing the 

IWDRR over the range [-0.1, 0.1] - [-1, 1] with 

. hidden layer size fixed at 30, 

• learning rate fixed at 0.5, 

. momentum coefficient fixed at 0.4, 

. training tolerance fixed at 0.002, 

. epoch size fixed at 2, and 

. tanli activation function. 

Figures 5.22, 5.23, 5.24, 5.25 and 5.26 are graphs of MSE as a 

function of month in case of IWDRR equal to [-0.1, 0.1], [-0.4, 0.4], 

[-0.5, 0.5], [-0.6, 0.6], and [-1, 1], respectively. 

The average of the MSE is 0.07 in case of IWDRR - [-0.1, 0.1] and 

decreased to 0.0568 in case of IWDRR - [-1, 1]. 

It is clear that there is some similarity in patterns of the MSE in 

Figures 5.14, 5.18, and 5.22 of the arcliitectures 13-10-2, 13-20-2, and 13-

30-2 in case of IWDRR - [-0.1, 0.1]. 
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5.5. The Result Networks 
We summarized the results of the previous two sections in Table 

5.1. This table illustrates the minimum values of the MSE of all 

architectures for each case I (for 1 = 1 , . . . , 12). We write the MSE and 

IWDRR of each case in each cell in the table. The last column represents 

the minimum values of the MSE of each row. The average of the MSE of 

each architecture is written in the last row. It is clear that the average of 

the last column is equal to 0.0154, and these architectures are powerful to 

obtain an excellent prediction for case I (I = 2, ..., 12), as seen later in the 

prediction section in Chapter 6. 

In case of I - 1 the MSE is equal to 0.0367 at IWDRR - [-3,3], it 

is clear that the MSE is a good result, but the prediction of this case may 

will not be acceptable, because the IWDRR must be small. 

For this reason, we increased the hidden nodes of the architecture 

13-10-2 one hidden node in each time until we get a good result at 

minimum IWDRR. In this case we see that the deshed result is at hidden 

nodes number equa] to 12, and the MSE - 0.0356 at IWDRR = [-1, 1]. 

The final result networks for I cases (1 = 1,..., 12) are illustrated in 

Table 5.1. We also illustrated the graph of the MSE of the final results in 

Fig. 5.15. 
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Table 5.1 

NO. MONTHS MSE NO. MONTHS MSE NO. MONTHS 

ARCHITECTURE 

NO. MONTHS 

ARCHITECTURE 

NO. MONTHS 

IWDRR 

NO. MONTHS 

IWDRR 
fl JAN. 0.0356 

13-12-2. 

[-1.11 

7 JUL 0.0107 

13-4-2. 

[-0.1,0.1] 
2 FEB. 0.0079 

13-4-2. 

[-0.5,0.5] 

8 AUG. 0.0065 
13-10-2. 

[-0.4,0.4] 
3 MAR. 0.0074 

13-10-2. 
9 SEP. 0.0051 

13-10-2. 

[-0.4,0.4] 
4 APR. 0.0313 

13-30-2. 

[-0.6,0.6! 

10 OCT. 0.012 
13-30-2. 

[-0."1,0.11 
5 MAY. 0.0045 

13-20-2. 

[-1.H 

1 1 NOV. 0.0086 
13-30-2. 
[-0.6,0.6] 

6 JUN. 0.0152 
13-10-2. 
[-0.4,0.4] 

12 DEC. 0.0389 
13-20-2. 
[-0.4,0.4] | 

MSE AVERAGE | 0 .0153 | 

Fii>. 5.15 MSE versus moa ths of Ihc networks of the final results. 
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5.6. Nile Water Distribution and Underground Water 
Extraction : A Case Study 

The decision of specifying the amount of water that should be 

released from Nasser lake is a complicated process. The MPWWR 

determines this decision for each month based on the current level of the 

water in the Nasser lake, the needs of the agriculture, and many other 

factors. We consider the Nile water distribution (released water) problem 

and the underground water extraction problem as one problem. A neural 

networks approach can be used for solving this problem. 

Planning for water distribution system development may be viewed 

as a neural network with a three-layer architecture consisting of input, 

hidden, and output layers. Though the architecture of multiple hidden 

layers is also possible, all of its functions can be accomplished by a three-

layered network (Wang, 1994; Jung, 1994; Burattini, 1993; Schocken et 

ah, 1991). 

Each node in one layer is connected in the forward direction to 

eveiy node in the next layer. 

In this model, the continuous and differential tanh function is 

adopted as a node's transfer mechanism; it translates the activation value 

into an output value. We aJso used the sigmoid activation function. 

Our system uses the back-propagation learning algorithm to modify 

the weight associated with the connection nodes. This strategy generates 

multiple output values : A set of values for planning end user development. 

*) Ministry of public works and water resources. 
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We illustrated the approach with a neural network consisting of 13 

input nodes, H hidden layer nodes, and 2 output nodes. The input nodes 

are the attributes we identified as important to this planning task. 

A data set representing 28 patterns was gathered from the historical 

records for 28 years. The acquired data set was divided into two sets: The 

first one had 23 patterns and was used as the training set, the second 

served as the validation set. Each pattern includes the measured of the Nile 

released water and the extraction of the underground water. 

The resulting architectures have 13 input nodes, number of hidden 

nodes (as illustrated in Table 5.1), and 2 output nodes, as shown below. 

During the training phase, the back-propagation algorithm with 

momentum stochastically searched the weight space to find the optimal 

weights . 

After the training phase, the validation set (5 patterns) was used to 

observe how the architecture will perform in real situations. 

This dynamic model is used to predict the water distribution system. 

The output prediction taken by 12 architectures, and the results of this 

prediction are illustrated in the next chapter. 

In the following we illustrate the network inputs and outputs. 

Each of the input attributes is denoted by XJ1; they are defined as 

follows : 
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The Network Inputs 

The following inputs for case I , (I = 1 , ..., n; n = 12). 

1- Total water arrived Nasser lake in previous year (XII). 

2- Total water prediction arrive Nasser lake in this year (X2I). 

3- Total water prediction arrive Nasser lake of the next year (X3I) . 

4- Total water prediction released downstream Aswan barrage in 

previous year (X4I). 

5- Total water prediction released downstream Aswan barrage in this 

year(X5I). 

6- Total water prediction released downstream Aswan barrage of the 

next year (X6I) . 

7- Water arrived Nasser lake in previous year of month I (X7I). 

8- Water released downstream Aswan barrage in previous year of 

month I (X8I). 

9- Total underground water actually demanded until month I (X9I) 

(Which is start with 0). 

10- Residual underground water inventory until month I (XI01) . 

(Which is stall with 500 (Total size of the underground water in the 

Nile Valley and the Nile Delta)). 

11- Water demanded in previous year of month I (XIII) . 

12- Demand lower bound of month I (XI21), (which is equal to - — ) . 

13» Demand upper bound of month I (XI31), (which is equal to 10). 

Output from the layer is received by the hidden layer, which allows 

the hidden layer to develop complex feature detectors or internal 

representations. The number of nodes in the hidden layer is ti'eated as a 

parameter of the network in Section 5.4. 
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We used a set of representative values to train the system. While the 

inputs may range from -1 to 1 we restricted them to a range from -0.8 to 

0.8 in order to increase the likelihood convergence of the learning 

algorithm. 

The output layer includes a set planning strategies for system 

development in an end user development environment. We have used Yll 

and Y2I as symbols to represent two values, as follows (NSSARJ996) 

The Network Outputs 

The following outputs for case for case 1,(1 = 1 , ... 9 n ; n = 12). 

1- Water released downstream Aswan barrage of month I of next year 

(Yll). 

2- Water demand for month I of the next year (Y2I). 
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5.7 Prediction by Using the Idea Models 
In many situations in science and technology we want to predict the 

future evaluation of a system from past measurements on it. This is in fact 

central procedure of neural networks: we make a neural networks model of 

a system and shift the output to predict future state. 

In a back- probagation network, data is required both at the input 

buffer and at the output buffer, as shown in chapter 4. Typically, each 

presentation of data is represented by a data record consisting of a set of 

input fields followed by a set of desired output fields. 

If we construct this data record such that the input part is of year T 

and the desired output is of year T+Y, then training network gives the 

prediction of a year after Y years. This is our procedure to obtain the 

prediction of the water distribution for the future. 

In table 5.2, we present prediction after one year (1996) (using the 

data of year 1995 as the start point), and after two years (1997) for the 

released water and the underground water extraction. We obtain the 

predictions by applying the models in table 5.1 in the previous chapter. 

In table. 5.3, we present prediction after three years (1998), and 

after four years (1999) for the released water and the underground water 

extraction. We obtam the predictions by applying the models in table 5.1 

in the previous chapter. 

In fig 5.16, we illustrated the relation between predicted values and 

the actual values of the released water in year 1996. The graphs in this 

figure shown that the response of the networks will be correct. Fig. 5.17 

presents the planning of the underground water extraction in year 1997. 
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Table 5.i 

NO. 

1 

2 

3 

4 

5 

G 

7 

a 

9 

MONTHS 1996 1997 ACTUAL 
RELEASED 

WATER 
1996 

NO. 

1 

2 

3 

4 

5 

G 

7 

a 

9 

MONTHS 
PREDICTED 
RELEASED 
WATER 

PLANNING 
UNDERG. 
WATER E X 

PREDICTED 
RELEASED 
WATER 

i PLANNING 
UNDERG. 
WATER EX. 

ACTUAL 
RELEASED 

WATER 
1996 

NO. 

1 

2 

3 

4 

5 

G 

7 

a 

9 

JAN. 2.626070 0.24G565 2.756745 0.256199 2.58 

NO. 

1 

2 

3 

4 

5 

G 

7 

a 

9 

FEB. 3.610272 0.260405 3.704278 0.284524 3.425 

NO. 

1 

2 

3 

4 

5 

G 

7 

a 

9 

MAR. 4.442094 0.375451 4.476404 0.36359 4.635 

NO. 

1 

2 

3 

4 

5 

G 

7 

a 

9 

APR. 4.454094 0.368105 4.519665 0.404914 4.5 

NO. 

1 

2 

3 

4 

5 

G 

7 

a 

9 

MAY. 

JUN" 

JUTT" 

5.351599 0.455930 5.621789 0.46626 5.795 

NO. 

1 

2 

3 

4 

5 

G 

7 

a 

9 

MAY. 

JUN" 

JUTT" 

7.72671 0.694053 7.783246 0.694078 7.75 

NO. 

1 

2 

3 

4 

5 

G 

7 

a 

9 

MAY. 

JUN" 

JUTT" 7.139190 0.632253 7.158447 0.635098 7.17 -

NO. 

1 

2 

3 

4 

5 

G 

7 

a 

9 

AUG. 6.297251 0.556621 6.26923 0.553504 6.442 

NO. 

1 

2 

3 

4 

5 

G 

7 

a 

9 SEP. 4.501002 0.403706 4.514404 0.396192 4.210 

1 0 OCT. 3.603343 0.312450 3.702872 0.3260 3.46 

1 1 

1 2 

NOV. 3.353824 0.209562 3.378147 0.307414 3.375 1 1 

1 2 DEC. 2.69025 0.259395 2.320234 0.251193 2.21 

SUM 55.07G52 4.074672 56.21362 4.939046 55.552 
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Fig. 5.17 Underground water extraction versus months to year 1997. 
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Conclusion 

The Nile Valley and Delta underground water reservoirs can assist 

in saving irrigation water for some new reclaimed areas located at the 

eastern and western desert fringes. The underground water can be pumped 

from suitable supply areas of these fringes. The pumped water may be 

used directly in the site or indirectly by conveying it to these demand 

areas. 

The results which show that the optimum solution of this policy are: 

1. The current annual rate of extraction of underground water in the Nile 

Valley and Delta for domestic, industrial and agricultural uses is 2.66 
3 

billion m /year (Diab, 1992; Biswas, 1991). This can be increased to 
3 

4.9 billion m /year (see the resulted table 5.2 in Chapter 5) which is 

estimated to be equivalent to annual recharge rate. Hence, this value 
3 

increasing underground water extraction, 2.24 billion m /year will yield 

an irrigation of 350000 Feddans. 

2. The total underground water inventory in the Nile Valley and Delta is 
3 

500 billion m . This inventory of underground water can be used for the 

irrigation of 750000 Feddans for 100 years. 
3 

3. In addition there is 40000 billion m under the western desert, which can 

be utilized to irrigate 250000 Feddens for 100 years. 

The proposed model (Chapter 3) as well as the neural network 

model (Chapter 5) could be applied to irrigate 1.35 x 106Feddans. 
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In addition to these results we can use about 1.4 billion m3 /year 

rainfall for irrigating new lands as in El-Arish city (Allam et al, 1992). 

The neural network model, in chapter 5, could be applied to predict 

the response of Nile Valley, Delta, and the desert region aquifers system to 

any underground water extraction plan based on the following 

development criteria: The planned extraction policies might be based on 

the strategy suitable for the Nile Valley, Delta, and the desert underground 

water reservoirs. 

Additional Water Supply: 

In order to compensate the future water demands, desalination 

techniques may be the unique solution, as the following sequence: 
3 

1. Reuse of the brackish drainage water (16-18 billion m ) after removing 

salts by using suitable membrance systems such as reverse osmosis or 

electrodialysis . 

2. Use of desalted sea water, whether distilled by nuclear power or by 

conventional fuel. 

From the given presentation, it could be concluded that the use of 

the desalted brackish drainage water is urgently needed. As a second step, 

the use of the desalted sea water seems to be a must, as far as the 

agriculture development, in Egypt, is concerned. 

Underground water loss from natural springs in the Western Desert 

Oases occurs tlirough evaporation, which is exceptionally high in our 

region . 
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There is a water loss from the Nubian artesian aquifer estimated at 

1.32 x 108 mVyear (Diab, 1992). 

A good part of this water could be saved by channelizing many of 

the springs, which issue its water to the ground siuface, from which it is 

lost to the atmosphere through natural evaporation . 

Sinai is an important region for the future development of Egypt, but 

little is known about its water resources. The major drainage basin of Sinai 

is Wadi El-Arish which occupies one third of the surface area of the 

peninsula. 

A complete geophysical study for these subbasins is required to 

identify the underground aquifers in size and extend to show the possibility 

of the underground water recharge and the storage capability . 

Installation of a complete network of meteorological and 

hydrological automatic stations to cover the mentioned subbasins to collect 

the required records for accurate studies . 

Also, establishing a computer database for these records is essential 

to facilitate the storage and the analysis of these records . 
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Appendix 

This appendix contains code listing of Nworks of the 
backpropagation network. The following is list of all neural network 
parameters of case 1^1. 
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Title: Network 

Display Mode : Network 
Type : Iletero-Associative 
Display Style : default 
Control Strategy: bkpfast 
L/R Schedule : backprop 
31646 Learn 1 Reeall 0 Layer 

2 Aux I 0 Aux2 0 Aux 3 

L/R Schedule: backprop 

Recall Step 1 0 0 0 0 
Input Clamp 0.0000 0.0000 0.0000 0.0000 0.0000 

. Firing Density 100.0000 0.0000 0.0000 0.0000 0.0000 
Temperature 0.0000 0.0000 0.0000 0.0000 0.0000 
Cain 1.0000 0.0000 0.0000 0.0000 0.0000 

earn Step 5000 0 0 0 0 
Coefficient 1 0.9000 0.0000 0.0000 0.0000 0.0000 
Coefficient 2 0.6000 0.0000 0.0000 0.0000 0.0000 
Coefficient 3 0.0000 0.0000 0.0000 0.0000 0.0000 
Temperature 0.0000 0.0000 0.0000 0.0000 0.0000 

IO Parameters 
Learn Data: File Rand, (toshkla) Binary 

Recall Data: File Set], (toshklb) 
Result File: Desired Output, Output 

User JO Program: userio 
I/P Ranges: 0.0000, 1.0000 
O/P Ranges: 0.2000, 0.8000 

l/P Start Col: I JVlinMax Table: toshkla 
O/P Start Col: 14 Number of Entries: 15 
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M in Max Table <toshkla>: 

Col: 1 2 3 4 5 6 
Msn: 32.6120 32.6120 32.6120 52.0800 52.0800 52.1000 
Max: 88.4 5 88.41 88.41 62.15 62.15 62.2 
Col: 7 8 9 10 11 12 
Miii: 1.2620 2.0000 0.2200 0.0000 500.0000 0.2210 
Max: 3.595 4.45 0.4 0 500 0.221 
Col: 13 14 1 5 
Min: 2.0000 0.2600 0.2600 
Max: 2.9 4.45 0.39 

Layer: 1 

PEs: 1 Wgt Fields: 2 Sum: Sum 
Spacing: 5 F' offset: 0.00 Transfer: Linear 

Shape: Square Output: Direct 
Scale: LOO Lou Limit:-9999.00 Error Func: standard 

Offset: 0.00 High Limit: 9999.00 Learn:--None--
Init Low: -0.100 Init High: 0.100 L/R Schedule: (Network) 
Winner 1: None Winner 2: None 
PE: Bias 

1.000 Err Factor 0.000 Desired 
0.000 Sum 1.000 Transfer 1.000 Output 

0 Weights -1.692 Error 0.000 Current Error 

Layer: In 
PEs: 13 Wgt Fields: 1 Sum: Sum 

Spacing: 5 F' offset: 0.00 Transfer: Linear 
Shape: Square Output: Direct 
Scale: LOO Low Limit: -9999.00 Error Func: standard 

Offset: 0.00 High Limit: 9999.00 Learn: --None-
Init Low: -0.100 Init High: 0.100 L/R Schedule: (Network) 
Winner 1: None Winner 2: None 
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PE: 2 
1.000 Err Factor 0.294 Desired 
0.294 Sum 0.294 Transfer 0.294 Output 

0 Weights 0.000 Error 0.000 Current Error 
PE: 3 

1.000 Err Factor 0.192 Desired 
0.192 Sum 0.192 Transfer 0.192 Output 

0 Weights 0.000 Error 0.000 Current Error 
PE: 4 

1.000 Err Factor 1.000 Desired 
1.000 Sum 1.000 Transfer 1.000 Output 

0 Weights 0.000 Error 0.000 Current Error 
PE:5 

1.000 Err Factor 0.302 Desired 
0.302 Sum 0.302 Transfer 0.302 Output 

0 Weights 0.000 Error 0.000 Current Error 
PE: 6 

1.000 Err Factor 0.232 Desired 
0.232 Sum 0.232 Transfer 0.232 Output 

0 Weights 0.000 Error 0.000 Current Error 
PE:7 

1.000 Err Factor 0.000 Desired 
0.000 Sum 0.000 Transfer 0.000 Output 

0 Weights 0.000 Error 0.000 Current Error 
PE: 8 

1.000 Err Factor 0.327 Desired 
0.327 Sum 0.327 Transfer 0.327 Output 

0 Weights 0.000 Error 0.000 Current Error 
PE: 9 

1.000 Err Factor 0.241 Desired 
0.241 Sum 0.241 Transfer 0.241 Output 

OWciuhls 0.000 Error 0.000 Current Error 
fc»" 

PE: 10 
1.000 Err Factor 0.111 Desired 
0.111 Sum 0.111 Transfer 0.111 Output 

0 Weights 0.000 Error 0.000 Current Error 



1,000 Err Factor 0.500 Desired 
0.500 Sum 0.500 Transfer 

0 Weights 0.000 Error 
PE: 12 

1.000 Err Factor 0.500 Desired 
(1500 Sum 0.500 Transfer 

0 Weights 0.000 Error 
PE: 13 

1.000 Err Factor 0.500 Desired 
0.500 Sum 0.500 Transfer 

0 Weights 0.000 Error 
PE: 14 

1.000 Err Factor 0.000 Desired 
0.000 Sum 0.000 Transfer 

0 Weights 0.000 Error 

0.500 Output 
0.000 Current Error 

0.500 Output 
0.000 Current Error 

0.500 Output 
0.000 Current Error 

0.000 Output 
0.000 Current Error 

Layer: Hidden 1 

PEs: 12 Wgt Fields: 2 Sum: Sum 
Spacing: 5 Ff offset: 0.00 Transfer: Sigmoid 

Shape: Square Output: Direct 
Scale: 1.00 Low Limit: -9999.00 Error Func: standard 
Offset: 0.00 High Limit: 9999.00 Learn: Delta-Rule 

Init Low: -0.100 Inir High: 0.100 L/R Schedule: hiddenl 
Winner 1: None Winner 2: None 

L/R Schedule: hiddenl 

Recall Step 
Input Clamp 
Firing Density 
Temperature 
Cain 
Cain 

Learn Step 
Coefficient 1 
Coefficient 2 
Coefficient 3 
Temperature 

1 0 0 0 0 
0.0000 0.0000 0.0000 0.0000 0.0000 

100.0000 0.0000 0.0000 0.0000 0.0000 
0.0000 0.0000 0.0000 0.0000 0.0000 
1.0000 0.0000 0.0000 0.0000 0.0000 

1.0000 0.0000 0.0000 0.0000 0.0000 
10000 30000 70000 150000 310000 

0.3000 0.1500 0.0375 0.0023 0.0000 
0.4000 0.2000 0.0500 0.0031 0.0000 
0.1000 0.1000 0.1000 0.1000 0.1000 

0.0000 0.0000 (KOOOO 0.0000 0.0000 
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PE: 15 
1.000 Err Factor 0.000 Desired 

-1.850 Sum 0.136 Transfer 0.136 Output 
14 Weights 0.000 Error -0.001 Current Error 

PE: 16 
1.000 Err Factor 0.000 Desired 
1.785 Sum 0.856 Transfer 0.856 Output 

14 Weights 0.000 Error 0.010 Current Error 
PE: 17 

1.000 Err Factor 0.000 Desired 
-0.662 Sum 0.340 Transfer 0.340 Output 

14 Weights 0.000 Error 0.005 Current Error 
PE: 18 

1.000 Err Factor 0.000 Desired 
-1.10! Sum 0.250 Transfer 0.250 Output 

14 Weights 0.000 Error -0.004 Current Error 
PE: 19 

1.000 Err Factor 0.000 Desired 
-1.470 Sum 0.187 Transfer 0.187 Output 

14 Weights 0.000 Error -0.001 Current Error 
PE: 20 

1.000 Err Factor 0.000 Desired 
-0.675 Sum 0.337 Transfer 0.337 Output 

14 Weights 0.000 Error -0.006 Current Error 
PE:21 

1.000 Err Factor 0.000 Desired 
-0.712 Sum 0.329 Transfer 0.329 Output 

14 Weights 0.000 Error 0.002 Current Error 
PE: 22 

1.000 Err Factor 0.000 Desired 
0.645 Sum 0.656 Transfer 0.656 Output 

14 Weights 0.000 Error -0.011 Current Error 
PE: 23 

1.000 Err Factor 0.000 Desired 
0.268 Sum 0.567 Transfer 0.567 Output 

14 Weights 0.000 Error -0.004 Current Error 
PE: 24 

1.000 Err Factor 0.000 Desired 
-0.026 Sum 0.493 Transfer 0.493 Output 

14 Weights 0.000 Error 0.009 Current Error 
' * ? > ' 
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PE: 25 
1.000 Err Factor 0.000 Desired 
0.236 Sum 0.559 Transfer 0.559 Output 

14 Weights 0.000 Error -0.005 Current Error 
PE: 26 

S.000 Err Factor 0.000 Desired 
0.295 Sum 0.573 Transfer 0.573 Output 

14 Weights 0.000 Error 0.000 Current Error 

Layer: Out 

PEs: 2 Wgt Fields: 2 Sinn: Sum 
Spacing: 5 F' offset: 0.00 Transfer: Sigmoid 

Shape: Square Output: Direct 
Scale: 1.00 Low Limit: -9999.00 Error Func: standard 
Offset: 0.00 High Limit: 9999.00 Learn: Delta-Rule 

Init Low: -0.100 lnit High: 0.100 L/R Schedule: out 
Winner 1: None Winner 2: None 

L/R Schedule: out 
Recall Step 1 0 0 0 0 

Input Clamp 0.0000 0.0000 0.0000 0.0000 0.0000 
Firing Density 100.0000 0.0000 0.0000 0.0000 0.0000 
Temperature 0.0000 0.0000 0.0000 0.0000 0.0000 
Gain 1.0000 0.0000 0.0000 0.0000 0.0000 
Cain 1.0000 0.0000 0.0000 0.0000 0.0000 

Learn Step 10000 30000 70000 150000 310000 
Coefficient 1 0.1500 0.0750 0.0188 0.0012 0.0000 
Coefficient 2 0.4000 0.2000 0.0500 0.0031 0.0000 
Coefficient 3 0.1000 0.1000 0.1000 0.1000 0.1000 
Temperature 0.0000 0.0000 0.0000 0.0000 0.0000 

PE: 27 
1.000 Er r Factor 0.578 Desired 
0.259 Sum 0.564 Transfer 0.564 Output 

13 Weights 0.578 Error 0.014 Current Error 
PE:28 

1.000 Err Factor 0.200 Desired 
-0.036 Sum 0.491 Transfer 0.491 Output 

13 Weights 0.200 Error -0.291 Current Error 
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Jc Ujl i l j ijiliiJ! ^U! ^> *d8Ls«yi CJVJ*- JJLJ (Y i) 

(11 Ao (j^jl c) . j^xi ^ ijcl j jll (̂ LioJl 



(^ <\Ao j ij£\) J^A JCAAS-Vtj u^Ljll JDliS-VI uw AJU.H I l i l j jauB ( t o) 

(^ < I A O J J^&I ) L & U J & J J J -%Jlj 

( n Ao j> ^y) ip\jji ^ i > CJI J J L - J I VIJUVI t^i lL.1 J I ^JULH ( \ V) 

( 1 U o j iAJjj) ._>>-« ^ ^ J U I J J I J J j i J l i cLko ^ 4A&uiA (jUV! (YA) 

JLLI Jk ^ U ^ l jl.ula.Vl (jUI <JlUSla.V AJAJ^J i - l j J ( t <\) 

(^ ^ A O J 4*3 j j ) . ( j t j j iU l l t j JJ-CL4 (JJJ ( J * I S J 1 I 

^ jrllSU Ajiill 1-jJLa.Vl V" 2 t5* -S^jN CJUUH>H J J ^ (V1) 

( ^ I A O J JULULJJ) . ( j j j j > ) 

ui ( j C l j j l l (J i i l l ^jlft Aujjjj-b <j»ALjLa diULSJj J J J ^ 0"^) 

j - ! l i -a l j < l j j l <*U5! < j j j j ( ^ jajuil SKA. 3^3.1^ 

(^ 1A1 j JJJ) • t ^ j iB <-M$ ^ j i 1 L£JA 

M ^ A1 j j 1 j j j .AjjjaJI j i inn 4-jJjfl <^ -̂S Î JUAJS 
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