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CHAPTER I 

INTRODUCTION 

A distribution system consists of a depot and many retailers. Dispersed retailers 

have demands that must be supplied by a depot. Retailers' demands result from 

customers' demands whereas demands occurring at a depot depend on retailers' demands. 

The depot has to respond to retailers' demands. Thus, this distribution system involves 

the replenishment of inventories for geographically dispersed retailers or customers. In a 

distribution system with one warehouse and many dispersed retailers, the vehicles based 

at the warehouse are required to travel to retailers. The objective is to distribute 

commodities to satisfy customers' demands. Each retailer possesses a specific demand 

that must be satisfied. The warehouse has to decide how and when to replenish the 

commodities. For example, a Wal-Mart distribution center has many Wal-Mart retailers 

at different locations. The distribution center has to assign vehicles to visit and supply its 

retailers according to recurring demands. A vehicle, which is loaded with many items, 

travels to a given area and replenishes the inventory at each retailer until all retailers are 

visited or the vehicle is empty. The vehicle then returns to the warehouse and reloads. 

Since retailers have different demands and vehicles have limited capacities, a 

shortage or excess inventory may occur. The different demand rates will give varying 

replenishment periods and quantities. Retailers with higher consumption rates need a 

higher frequency of inventory replenishment or larger order sizes. Therefore, when a 

vehicle visits a group of retailers, some retailers' demands may not be met because of 

inappropriate replenishment policies including periods and quantities. Some retailers' 



inventories may not be satisfied by the existing vehicle capacity and a shortage of 

products will occur. Some retailers may not receive products at the right time. If the 

vehicle arrives before the replenishment periods, the retailers have to hold more products 

and incur holding cost. 

The one warehouse and multi-retailer distribution system involves transportation 

cost as well. Since vehicle capacity is limited, all retailers' demands may not be fulfilled 

with one trip of a vehicle. The travelling distance of vehicles and the number of trips 

obviously affect transportation cost. The transportation cost will be minimized if the 

vehicle capacity is utilized and a vehicle is assigned to visit a group of retailers that are 

close together. However, for a given replenishment period, a retailer may be located far 

away from other retailers. Naturally, the retailer that is located far away from the 

warehouse and has low demand may not be replenished very often. Therefore, the depot 

has to decide the appropriate routes to minimize the travelling distance so that vehicle 

capacity is utilized while inventory requirements are satisfied. 



CHAPTER II 

RESEARCH OBJECTIVES 

2.1 Research Objectives 

The objective of the one warehouse multi-retailer distribution problem is to find 

replenishment policies that specify delivery quantities, delivery intervals and vehicle 

routes that minimize inventory and transportation costs. Since each retailer has a 

different demand, the warehouse has to supply each retailer with different order 

quantities and replenishment periods. In addition, the warehouse has to decide which 

retailers can be served by the same route. Thus, to solve this distribution system, we 

must include both the inventory problem and the vehicle routing problem. This chapter is 

organized as follows. The inventory problem, which is the EOQ model, will be described 

first and the classical VRP model will be discussed next. Finally, we present the single 

warehouse and many retailers distribution system including some general assumptions. 

21.1 The Inventory Model 

Basically, the classical inventory model as shown in Figure 2.1 assumes that after 

receiving an order, the inventory level is Q, where Q is the order size, and items are 

withdrawn from inventory at a constant rate represented by the negative slope. The new 

order is placed when the inventory reaches the reorder point B and the new lot is received 

just as the inventory reaches zero. The interval between placing and receiving an order is 

the lead time which is interval ab in Figure 2.1. Therefore, the average inventory is 

(Q^0)/2 or Q/2. 



According to Tersine (1994), for a single item, the order size that minimizes the 

total inventory cost is known as the economic order quantity, EOQ. If stockouts are not 

permitted, the total costs involve purchasing cost, ordering cost, and holding cost. 
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Figure 2.1 The Classical Inventory Model 
Source: Richard J. Tersine, Principle of Inventory and Materials Management 

( Prentice Hall, Englewood Cliffs, 1994), 93. 

The total annual cost can be illustrated by the following formula: 

Total annual cost = purchase cost + order cost + holding cost 

Q 2 
(2.1) 

Where R = annual demand rate (units/year), 

P = purchase cost of an item ($/unit), 

C = order cost per order ($/order), 

F = annual holding cost rate as a fraction of unit cost (%/year), 

H= PF= holding cost per unit per year ($/unit/year), 



Q = lot size or order quantity (units). 

After taking the first derivative of total annual cost with respect to the lot size (Q) and 

setting it equal to zero, we obtain the minimum cost lot size (EOQ). 

The classical EOQ model is based on the following assumptions: 

1. The demand is deterministic, constant and continuous. 

2. The lead time is known and constant. 

3. The entire lot size is added to the inventory all at once. 

4. No stockouts are allowed; stockouts can be avoided because of known 

demand and known lead time. 

5. The costs associated in the system are fixed: order or set-up costs are the same 

regardless of lot size, holding cost is a linear relation based on average 

inventory, and purchase cost per unit is constant. 

6. The warehouse space is infinite. 

7. The item is a single product. 

From the above assumptions, it is possible to construct the inventory model and 

find an economic order quantity and a replenishment interval for any single item of the 

inventory system. 

2.1.2 The Vehicle Routing Problem Model 

As stated in Lawler et al. (1986), most distribution systems involve the 

management of a fleet of vehicles used to serve retailers or customers. The distribution 



center must decide how much to load in each vehicle and where to send it. The most 

basic vehicle routing problem (VRP) involves the routing of capacitated vehicles to 

service a set of customers. The vehicles are initially located at a depot. The objective of 

the VRP model is to find a set of routes for the vehicles with a minimal total travelling 

distance. Each route begins at the depot, visits a subset of customers and returns to the 

depot without violating the capacity constraint. This model groups neighboring retailers 

into one cluster and results in minimization of travel distance. 

For instance, a customer / has a demand of /̂. The travel cost between customer i 

and j is c,y. The capacity of vehicle k is Qk. The basic VRP is to route the vehicles (one 

route per vehicle, starting and finishing at the depot), so that all customers' demands are 

fulfilled and the total travel cost is minimized. A solution to a VRP is shown in Figure 

2.2. 

However, the VRP does not consider the inventory problem of each retailer. The 

retailers in a cluster may have different replenishment periods. Holding cost and shortage 

cost will be incurred for retailers when a single vehicle supplies all retailers on the same 

route at a specific time because the retailers receive orders before or after their 

replenishment times. 



Route 1 

Route3 

Figure 2.2 Solution to the basic VRP. 
Source: E. L. Lawler, J. K. Lenstra, A. H. G. Rinnooy Kan, D. B. Shmoys, The 

Travelling Salesman Problem (Wiley Interscience, Great Britain, 1986), 432. 

2.1.3 The One Warehouse and Multi-Retailer Distribution System 

In the one warehouse and many retailers distribution system, the warehouse 

supplies a set of retailers with one or more products. Each retailer has a deterministic and 

constant demand that must be met without shortage or backlogging. The objective of the 

one warehouse and multi-distribution system is to find the replenishment policy including 

replenishment periods and quantities and the delivery routes. The significant 



assumptions commonly cited in the literature of single warehouse, multi-retailer and 

multi-item distribution systems are: 

1 Each retailer has a deterministic and constant demand; 

2. No inventory is held at a warehouse; 

3. No allocation between retailers; 

4. Capacitated and identical vehicles; 

5. Retailers are located dispersedly; 

6. The retailers possess demand for many different products and the same 

products at different retailers are considered to be different items; and 

7. The costs associated this system are fixed order cost, holding cost, and 

transportation cost. 

Many studies presented the solutions to the one warehouse and multi-retailer 

distribution system by applying the inventory model only or the VRP model only. 

However, the inventory model does not consider the transportation costs and the 

transportation routes, and the VRP approach does not consider the inventory problem. 

Basically, the one warehouse and multi-retailer distribution system tried to satisfy both 

the inventory problem and transportation problem. Therefore, we may integrate the 

inventory model and the VRP model so that a vehicle has an optimal route of retailers 

and satisfied the demands of each retailer. 

8 



CHAPTER m 

LITERATURE REVIEW 

According to Bodin and Golden (1981), there are many approaches to solve the 

vehicle routing problem such as cluster first-route second, route first -cluster second and 

savings/insertion. The cluster first-route second approach clusters all demand nodes into 

feasible groups and then efficient routes are proposed for each group. Conversely, the 

route first-cluster second approach initially determines a single route through all demand 

nodes, and then partitions this single route into smaller and more feasible routes. 

Gillet and Miller (1974) presented a sweep algorithm to solve the vehicle dispatch 

problem. The principle of this algorithm is cluster first-route second. A number of 

customers supplied by a single depot are clustered by their polar coordinate angle. All 

customers are reordered according to their polar coordinate angle and a cluster is created 

by sweeping consecutive customers as long as the capacity constraint is not violated. For 

each cluster, a traveling-salesman problem must be solved to determine the minimum 

path in the route. 

Another heuristic based on the cluster first-route second approach is the two-

phase method of Christofides, Mingozzi and Toth (1979). All retailers are clustered 

sequentially and in parallel by considering the insertion cost. First, an unrouted retailer is 

chosen to be the seed of an emerging cluster and then retailers are included sequentially 

to the cluster, until the vehicle capacity is reached. For the parallel trial, the seeds from 

the sequential trials are used and the insertion costs of retailers relative to the seeds are 

computed. The retailer with a minimum insertion cost will be included in its 



corresponding cluster. For both clustering formed sequentially and in parallel, the TSP is 

solved for each cluster and the best solution is kept as the VRP solution. 

Bodin and Krush (1978) utilized the route first-cluster second approach for 

routing street sweepers. They pointed out that the route-first cluster second approach 

should be superior to the cluster first-route second for solving this problem. However, 

route first-cluster second may produce overiapping clusters. Bodin and Berman (1979) 

also used route first-cluster second for routing school buses to and from a single school. 

Je Beasley (1983) studied route first-cluster second methods for vehicle routing 

and compared the performance of route first-cluster second to the saving algorithm and 3-

optimal algorithm. The computational result showed that the route first-cluster second 

gave solutions at least as good as the saving method and often as good as the 3-optimal 

method. 

Gendreau, Hertz and Laporte (1992) presented a study called "New insertion post 

optimization procedures for the traveling salesman problem." A number of vehicle 

routing problems (VRP) can be solved from the traveling salesman problem (TSP). The 

paper described an improved insertion procedure and a new post optimization routine that 

can be used in conjunction with other algorithms. 

Note that the routing part of the VRP involves the traveling-salesman problem 

(TSP); Lawer et. al. (1985) presented some heuristics for routing the TSP. The nearest 

neighbor algorithm basically determines the location that is close to the tour, and then 

includes it into the tour. 

There is some research that considered the inventory problem with known and 

constant demands of retailers. Viswanathan and Mathur (1997) presented their work 
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titled "Integrated routing inventory decisions in one-warehouse multi-retailer multi-

product distribution system." The replenishment intervals, delivery quantities and 

vehicle routes are designed to employ the EOQ model with power-of-two policies. The 

availability of vehicles and an empty cluster is checked before including each retailer into 

a cluster. This enables a retailer to be included into any of the existing clusters or to a 

new cluster if necessary. Initially, since the clusters are empty, the replenishment interval 

for each retailer is calculated assuming that the retailers are replenished independently. 

Then, the retailer with the lowest replenishment interval is included in the first cluster. 

Next, the replenishment intervals and set up costs that would incurred if retailer i was 

jointly replenished with the retailers already included in every cluster are recalculated and 

the lowest one is selected. Each retailer will be added to each cluster as long as the 

vehicle capacity is not violated. However, this paper does not address the routing 

problem associated with the transportation cost in each cluster. It may not be feasible 

when the retailers are assigned to the same cluster but are not neighboring. 

Some authors considered random demands of retailers; for example, Barnes-

Schuster and Bassok (1997) presented a paper called "Direct shipping and the dynamic 

single-depot/multi-retailer inventory system." They considered a specific policy of direct 

shipments for one warehouse and multi-retailer distribution system with independent 

random demands. Inventory cost was incurred at retailers and backlogging was 

permitted. The objective was to evaluate the effective conditions for the depot to use 

direct shipping (one truck delivers to one retailer and then returns to the depot). The 

numerical model involved transportation cost and inventory cost. They suggested that 

when the normal demand distributions are known or can be estimated and the truck size 

11 



is close to mean of demand, direct shipping would be a good policy. This paper does not 

address the routing problems. 

There is some work which combines vehicle routing and inventory allocation 

problem (Federgruen & Zipkin, 1984). This paper noted that random demands and 

holding cost and shortage cost must be considered in the decision along with 

transportation costs. They also showed how to extend the methods to improve the 

deterministic route. However, they do not consider how to cluster and route retailers. 

Fisher and Jaikumar (1981) titled their work "A generalized assignment heuristic 

for vehicle routing." They presented a heuristic to determine which demands will be 

satisfied by each vehicle and what route each vehicle will follow in servicing its assigned 

demand in order to minimize delivery cost. The customers are assigned to vehicles by 

solving a generalized assignment problem with an objective function that approximates 

delivery cost. 

Bramel and Simchi-Levi presented a book titled "The logic of logistics: theory, 

algorithms, and applications for logistics management." They pointed out a survey of a 

variety of results covering most of the logistics area. One part of this work is about 

vehicle routing problems, covering an analysis of the single depot capacitated vehicle 

routing problem with equal demands and unequal demands. They also addressed the 

VRP with time window constraints and solving the VRP using a column generation 

approach. 

12 



CHAPTER IV 

METHODOLOGY 

Since the one warehouse and multi-retailer distribution system involves a vehicle 

routing problem (VRP) and an inventory problem, we may combine the heuristics of 

these two problems together. A possible solution can be divided by clustering all 

retailers and routing them for each cluster. The schematic representation of the system is 

shown as follows: 

Inventory Model 
(Replenishment 

Interval) 

^ 
w Cluster 

^ 
w 

VRP Model 
Route 

Figure 4.1 A schematic model of single warehouse and many retailers distribution 
system. 

The above system begins by clustering the retailers by using replenishment 

intervals. The new clusters will be created when the vehicle capacity is reached. Then, 

each cluster will be routed by using the VRP model. The final solution of the system will 

be a set of clusters of retailers for each replenishment period so that each cluster contains 

an optimal route. 

The statistical experiment will be applied to the proposed model. A 

computational study will be performed on randomly generated problems of various sizes. 

We will generate such variables as number of retailers, demands, transportation costs and 

vehicle capacity to demonstrate the model. 

13 



CHAPTER V 

CLUSTER FIRST-ROUTE SECOND ALGORITHM 

According to Bodin and Golden (1981), there are many solutions for vehicle 

routing problems. Basically, there are two types of algorithms that can be used to solve 

the problem: optimal and heuristic. Optimal algorithms are those that will yield exact 

solutions in a finite number of steps; often these algorithms are time consuming when 

solving a large problem. On the other hand, heuristic algorithms are faster and practically 

obtain near-optimal solutions especially for large problems. 

The cluster first-route second algorithm is a heuristic approach used extensively 

in the research efforts. Customers are first clustered into feasible groups and then 

efficient routes are designed for each cluster. Examples of this idea are given by Gillett 

and Miller (1974) and Christofides, Mingozzi and Toth (1979). The basic procedure can 

be classified into two phases. The first phase involves clustering based on the location of 

the customers and vehicle capacity constraints. The second phase utilizes routing by 

solving the travelling salesman problem for every set of customers. 

5.1 The Sweep Algorithm (Gillet & Miller. 1974) 

Phase I involves clustering all retailers. 

Step 1 Calculate polar coordinates (r,, 0,) with the depot atro = 0 and arbitrary customer 

i* at 61 = 0 and order customers in increasing lvalues. 

Step 2 Choose a seed customer and assign to vehicle k. 

14 



Step 3 Starting from the unrouted customer I with the smallest angle Ot, include 

consecutive customers /+1, /+2,... in the route until the capacity constraint of the 

vehicle k is reached. 

Step 4 If all customers are swept or if all vehicles have been used, go to phase II, 

otherwise return to step 1. 

Phase II involves routing each cluster. 

Step 5 Solve the TSP for every cluster of customers to form the final routes. 

5.2 The Two-Phase Method (Christofides. Mingozzi & Toth. 1979) 

Phase I involves clustering retailers. 

Step 1 (Sequential trial) Choose an unrouted customer to be a seed and assign to a 

vehicle k. 

Step 2 Include unrouted customers in increasing order of insertion cost relative to the 

customer seed until the vehicle capacity is reached. If all customers are clustered 

or all vehicles are used, go to step 3, otherwise; repeat from step 1. 

Step 3 (Parallel trial) Using the seeds chosen in the sequential trial, free all customers 

from their clusters. 

Step 4 Calculate the insertion cost for every customer relative to every seed and keep the 

best insertion for the customer. 

Step 5 Allocate the customer that gives the minimum insertion cost to its corresponding 

cluster. 

Step 6 Repeat step 4 for any customer whose previously best insertion is no longer 

feasible until all customers are clustered or vehicle capacity is reached. 

15 



Phase II involves routing each cluster. 

Step 7 For all clusters from both sequential trials and parallel trials, solve the TSP for 

each cluster and keep the best of the two as the VRP solutions. 

We apply the concepts of cluster first-route second algorithms to the one 

warehouse and muhi-retailer distribution problem based on the following assumptions: 

1. The retailers have deterministic, constant and continuous demands; 

2. We have a known lead time; 

3. The product is the single item; 

4. No inventory is held at the warehouse; 

5 There is no allocation between retailers; 

6. The vehicles are identical and capacitated; and 

7. The associated costs are setup costs, holding costs, fixed transportation costs and 

variable transportation costs 

5.3 The Power of Two Policy 

As stated previously, this distribution system incorporates both the inventory 

problems and the vehicle routing problems. Since the retailers have to decide how much 

to order and when to order, the solution to the inventory issue is the classical EOQ model. 

However, one difficulty with the EOQ model is that the optimal reorder interval may take 

any value and thus might lead to highly impractical policies. For instance, the reorder 

interval of V3 weeks would not be easy to implement. The model might specify a 

schedule of orders that may not be an easily recognizable pattern; for example, Monday 

of one week, Thursday of the next and Friday of the next week. Therefore, it is practical 

16 



to consider the policies where the reorder intervals are restricted to values that are easy to 

implement. 

In a paper by Viswanathan and Mathur (1997), the power of two policies are 

adopted for clustering and routing customers or product items that have the same 

replenishment intervals. According to Bramel and Simchi-Levi (1997), the power of two 

policies is the restriction where the reorder interval (7) is restricted to be a power of two 

muhiples of some fixed base planning period TB. That is, 

T = T,2' ,^e{0,l,2,3,...}. (51) 

The base planning period TB may represent a day, week, month, etc. If we let T 

be the optimal power of two-reorder interval, the optimal k in the above equation is the 

smallest integer k satisfying 

/(r,20</(7«2'-') (5.2) 

where / ( r ) = £ + ̂  (5 3) 

So far, we have discussed the algorithm that solves the clustering phase in the 

vehicle routing problem and the one warehouse and multi-retailer distribution problem. 

However, we have not considered the routing phase for both problems. As discussed 

earlier in the VRP, the routing phase solution is to solve the travelling salesman problem. 

In Lawler et al. (1985), the travelling salesman problem finds the minimum travelling 

distance when starting from one point and visiting each customer on a given list once and 

then returning to the starting point The nearest neighbor algorithm is a heuristic approach 

that determines the closest point on the current tour. In following chapter, we will discuss 

four different cases to solve the one warehouse and multi-retailer distribution problem. 

17 



CHAPTER VI 

EXPANSION OF THE CLUSTER FIRST-ROUTE SECOND ALGORITHM 

This chapter concerns the application of the concept of cluster first-route second 

to the one warehouse and multi-retailer distribution problem. First, the retailers are 

clustered according to their replenishment periods and each cluster is routed by applying 

the nearest neighbor algorithm. Second, the resulting solutions are improved by using a 

saving algorithm. Afterward, the shortage policy is applied so that better solutions are 

acquired. 

6.1 The Nearest Neighbor Algorithm 

Based on the previous assumptions, the one warehouse and multi-retailer 

distribution problem consists of an inventory problem and vehicle routing problem. To 

solve this problem, the key concepts are clustering retailers based on the inventory 

restriction and routing each cluster based on retailers' location. Applying the classical 

EOQ model with the power of two policies can solve the inventory problem. As stated 

previously, the power of two policies makes the EOQ model practical. Therefore, the 

replenishment periods are generally in the form of 2, 4, 8,16 and so on. Retailers whose 

replenishment intervals are the same will receive products at the same time and all 

retailers with smaller replenishment periods are also included in the same cluster. For 

instance, retailers with replenishment periods of two receive products every two weeks. 

At week 4, all retailers whose replenishment periods are 2 and 4 are served together. 

18 



Afterwards, the nearest neighbor algorithm will be solved for each cluster subject to 

vehicle capacity constraint. 

Step 1 Calculate the EOQ, reorder interval (7) and total annual inventory costs for all 

retailers. These solutions are independent solutions. 

n 2C/? 
Q^\\-Jf (61) 

R 

Total annual inventory cost = order cost + holding cost 

(6.2) 

TC{Q) = ̂  + ^ (6.3) 

Step 2 Round down and round up the reorder intervals into 2* and recalculate their 

inventory costs and delivery quantities. Choose the one that gives lower 

inventory costs. 

Step 3 All retailers that have the same reorder interval will be clustered in the same 

group and the next cluster will be the next period of replenishment which includes 

the smaller value of reorder intervals as well. 

Step 4 For each cluster or each replenishment period, create vehicle routes by starting at 

the warehouse and choose the closest retailer to the warehouse. Consider the next 

closest retailer to the routed retailer until the vehicle capacity is reached and then 

return to the warehouse. If including the next retailer results in exceeding the 

vehicle capacity, that retailer will not be included in the route and a new route will 

be created. 

Step 5 Repeat step 4 until all retailers are routed. 
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6.1.1 Example 

Given the distribution system of one depot and 6 retailers with the following set 

of data (Tables 6.1 and 6.2). 

Depot 

Retailer 1 

Retailer 2 
Retailer 3 
Retailer 4 
Retailer 5 
Retailer 6 

Table 6.1 
Inventory information 

Demand (unit) Setup Cost 

5,000 

2,000 
100 

4,000 
500 
200 

($) 

200 

200 
200 
200 
200 
200 

Table 6.2 

Holding Cost 
(%/unit/year) 

Matrix of distances 

20 

20 
20 
20 
20 
20 

Purchase Price 
($/unit) 

200 

200 
200 
200 
200 
200 

Depot 0 Retailer 1 Retailer 2 
dij (mile) 

Retailer S Retailer 4 Retailer 5 Retailer 6 
Depot 0 

Retailer I 

Retailer 2 

Retailer 3 

Retailer 4 

Retailer 5 

Retailer 6 

2 

4 

5 

6 

7 

2 

Vehicle capacity 

Transportatic )n cost 

2 

2 

4 

5 

9 

5 

300 

50 

4 

2 

6 

6 

12 

7 

units 

$/mile 

5 

4 

6 

13 

6 

4 

6 

5 

6 

13 

13 

11 

7 

9 

12 

6 

13 

4 

2 

5 

7 

4 

11 

4 

Fixed transportation cost 200 $/route 

Assume one year is equal to 40 weeks. 
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Applying steps 1, 2, and 3 with Tables 6.1, we obtain the following solution as shown in 

Tables 6.3 and 6.4. 

Table 6.3 
Solution to the problem by applying the classical EOQ 

Independent model 

EOQ T T Cost 
(units) (year) (wk) ($/year) 
223.6 0.04 

141.4 0.1 

31.6 0.3 

200.0 0.1 

70.7 0.1 

44.7 0.2 

1.8 

2.8 

12.6 

2.0 

5.7 

8.9 

8944 

5657 

1265 

8000 

2828 

1789 

Power of two 
(round down) 

EOQ T Cost 
(units) (wk) ($/year) 
125.0 1 10500 

100.0 2 6000 

20.0 8 1400 

200.0 2 8000 

50.0 4 3000 

40.0 8 1800 

Power of two 
(round up) 

EOQ T Cost 
(units) (wk) ($/year) 
250.0 2 9000 

200.0 4 6000 

40.0 16 1300 

400.0 4 10000 

100.0 8 3000 

80.0 16 2100 

Min. cost 
Power 

of two policy 
EOQ T 
(units) (wk) 

250 2 

100 2 

40 16 

200 2 

50 4 

40 8 

Table 6.4 
Delivery schedule 

Week2 Week4 Weeks 

Retailer no. 1,2,4 

Week16 

1,2,4,5 1,2,4,5,6 1,2,3,4,5,6 

By applying steps 4 and 5, we obtain the solutions as shown in Table 6.5. 
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Table 6.5 
Solution by applying the cluster first-route second 

Week 

2 

4 

S 

16 

Route 

(0,2,4,0) 

(0,1,0) 
Total 

(0,1,0) 
(0,2,4,0) 
(0,5,0) 
Total 

(0,6,5,2,0) 

(0,1,0) 

(0,4,0) 
Total 

(0,6,3,0) 
(0,1,0) 

(0,2,4,0) 

(0,5,0) 

Total 

Q 
300 

250 
550 
250 
300 
50 

600 
190 

250 

200 
640 

80 
250 

300 

50 

680 

Distance 

16 

4 
20 
4 
16 
14 
34 
16 

4 

12 
32 

11 
4 

16 

14 

45 

Trans costs 

800 

200 
1400 
200 
800 
700 

2300 
800 

200 

600 
2200 

550 
200 

800 

700 

3050 

Total annual transportation cost 

I(Variable costs + Fixed costs)*(40/16) 

(1000+400)* 10 + (1700+600)*5 + (1600+600)*3+(2250+800)*2 

$38,200. 

Total annual inventory cost 

I (Annual inventory cost of retailer /) 

(9,000+6,000+1,300+8,000+3,000+1,800) 

$29,100. 

System annual cost = 38,200+29100 

$67,300. 
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6.2 The Saving Algorithm 

As a result of the first model, there is some capacity left for all vehicles, which 

means that the number of vehicles is not minimized. Therefore, the solutions can be 

improved by utilizing all vehicle capacity so that the transportation cost is decreased. 

According to Clarke and Wright (1964), the saving distance from combining any pair of 

customers instead of having separate routes will improve the solutions. For instance, 

instead of supplying customers / andj on two routes (0, /, 0) and (OJ, 0) where 0 is 

depot, we link customer / and^ into one route (0, ij, 0) and the saving distance is 

5, = 2d,, + 2d,^ -{d,, + d,. +dj= d„ + d,^ -<, (6.4) 

In this particular case, we also consider the delivery quantity because our vehicle 

capacities are limited. If an order is split, the travelling distance will be increased 

because the vehicle must travel twice for that order. Thus, combining any two routes is 

considered as long as order splitting is not allowed. 

Step 1 Start with the initial solution from the first model. 

Step 2 Calculate the saving distances (5,y) for every pair of retailers. 

Step 3 For each replenishment period, calculate the lower bound of the number of 

vehicles that must be used. 

LB = (6.5) 
vehiclecapacity 

Step 4 If the number of vehicle used in the initial solutions is greater than the LB value, 

go to step 5; else the current solutions are accepted. 
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Step 5 For each cluster, consider the routes with the most remaining capacity. If these 

routes can be included into other routes without violating the capacity constraint 

and splitting the orders, compute the saving distance 5,y by including the above 

mentioned routes. 

Step 6 Order the saving distance 5,y for every pair of the route and other routes in the 

cluster in a nondecreasing order and the maximum ones will be linked together. 

Step 7 Repeat step 4 until all routes are considered. 

6.2.1 Example 

From the example in section 6.1.1, we apply steps 1 and 2. Then, the matrix of the 

saved distance in Table 6.6 is obtained. 

Table 6.6 
Matrix of the saved distance by applying the saving algorithm 

Ri 

R2 

R3 
R4 
R5 
Re 

Rj 

4 

3 
3 
0 
-1 

R2 
4 

3 
4 
-1 
-3 

R3 
3 

3 

-2 
6 
3 

S.J 
R4 
3 

4 

-2 

0 
-3 

Rs 
0 
-1 

6 
0 

5 

Re 
-1 

-3 

3 
-3 
5 

Applying step 3, we obtain Table 6.7. 

Table 6.7 
Comparison of the lower bound values and the actual number of vehicles 

Week2 Week4 Weeks Weekl6 
Lower bound 

No. of vehicles 
2 
2 

2 
3 

3 
3 

3 
4 
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Hence, the number of vehicles from week 4 and week 16 can be improved to the 

lower bound value by applying the saving distance method. Both fixed transportation 

costs and variable transportation costs will be decreased. After applying steps 4, 5 and 6 

the results in Table 6.8 are obtained. 

Table 6.8 
Solution by applying the saving algorithm 

Week 

2 

4 

Route 

(0,2,4,0) 

(0,1,0) 
Total 

(0,1,5,0) 
(0,2,4,0) 

Total 

Q 
300 

250 
550 
300 
300 
600 

Distance 

16 

4 
20 
18 
16 
34 

Trans costs 

800 

200 
1400 
900 
800 

2100 
S (0,6,5,2,0) 190 16 800 

(0,1,0) 250 4 200 

(0,4,0) 200 12 600 
Total 640 32 2200 

l6 (0,6,3,5,0) 130 19 950~ 

(0,1,0) 250 4 200 

(0,2,4,0) 300 16 800 

Total 680 34 2550 

Total annual transportation cost 

((1000+400)* 10 + (1700+400)*5 + (1600+600)*3+(l 950+600) *2) 

$36,200. 

Total annual inventory cost = $29,100. 

System annual cost = 36,200+29100 = $65,300. 
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6.3 Applving Shortage Policy 

So far, we have assumed that shortage costs are not incurred in the system. In this 

case, we relax the requirement that shortage cost is not allowed. Since the shortage 

quantities will allow vehicles to supply less quantity, the transportation cost will be 

decreased. If we can decrease the number of vehicles by allowing shortage of products, 

the fixed transportation cost will be obviously decreased and thus, the annual costs of the 

whole system will be decreased. However, the advantages of allowing shortage depend 

on the balance between the shortage costs and transportation costs. 

Step 1 Begin with the initial solutions from the second model (section 6.2). 

Step 2 Consider the routes that have remaining capacity left and calculate the shortage 

costs that will be incurred at retailers in those routes when we ignore the products 

in the partially full vehicle. Hence, the number of trips will be reduced by one as 

a result of allowing a shortage policy in each route. 

Step 3 Assign those routes to be delivered at the next replenishment period. Recalculate 

transportation costs and inventory cost including shortage cost. 

ShortageCost = (6.6) 
2R 

Where, shortage cost = $/replenishment period 

K = shortage, cost/unit/year 

J = amount of shortage, units 

However, if the routes allowing the shortage policy can not be included in the 

next replenishment period without decreasing the number of routes, the fixed 
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transportation cost is not reduced and we should not allow the shortage policy in this 

case. 

6.3.1 Example 

From the improved solutions to the given problem in the second case, route 

(0,6,3,5,0) in week 16 use only 43% (130 units) of the vehicle capacity. If we postpone 

this delivery to week 18, the solution will be in Table 6.9: 

Table 6.9 
Solution after applying a shortage policy 

Week 16 (allow shortage) 
Route 

(0,1,0) 
(0,2,4,0) 

Total 

Q Distance 

250 4 
300 16 
550 20 

Trans cost 

200 
800 
1400 

Revised Week 18 (allow shortage) 
Route 

(0,6,3,5,0) 
(0,1,0) 

(0,2,4,0) 
Total 

Q Distance Trans cost 
130 19 950 
250 4 200 
300 16 800 
770 37 2550 

Total annual transportation cost 

(1000+400)*8 + (1700+400)*5 + (1600+600)*3+(1000+400)*2+(1950+600)*2 

$36,200. 

Total annual inventory cost = $29,360. 

System annual cost = 36,200+29,360 = $65,560. 

We notice that the total system cost by allowing shortage of products from this 

example is greater than by not allowing shortage of products since we can not include 

retailers into the routes in the next replenishment period. In this case the inventory cost is 

increased while the transportation cost cannot be reduced. However, if the vehicle 
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capacity is utilized, the amount of products that will be allowed is minimized. Then, we 

may cluster those shortage quantities to the next replenishment period. 

6.4 Conclusion 

The solution to one warehouse and many retailers distribution system by applying 

cluster first-route second is not a definite optimal solution. Thus, the solution can be 

improved by using several algorithms as stated previously. According to the concept of 

cluster first-route second, the solutions to this distribution problem consist of many 

feasible routes of neighbor retailers where the vehicle capacity is not violated. Some 

routes may not use all vehicle capacity. Thus, the solutions may not be efficient. By 

allowing a shortage policy, the solutions may be improved if we can group the routes 

when the vehicle capacity is partially utilized together. On the other hand, if we can not 

save the number of routes, the total system cost will not be improved. This problem is 

studied and solved by applying the other model in Chapter VQ. 

Transportation costs involve fixed costs and variable costs. Fixed transportation 

costs, such as costs of hiring drivers and renting a car, are incurred once per trip whereas 

variable transportation costs, such as gas expense and depreciation of trucks, depends on 

travelling distances and operating time. If the fixed transportation costs are relatively 

high, an organization will naturally try to minimize the number of trips. Thus, allowing a 

shortage policy in order to utilize vehicle capacity is one way to minimize system costs. 

However, if shortage cost is much greater than the saved transportation cost from 

grouping those routes together, allowing a shortage policy may not be reasonable. 
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CHAPTER VII 

ROUTE FIRST-CLUSTER SECOND ALGORITHM 

As defined by Bramel and Simichi-Levi (1997), the route first-cluster second is 

another heuristic that first orders the customers according to their locations, disregarding 

demand sizes, and then partitions this ordering to produce feasible clusters that satisfy 

vehicle capacity. These clusters consist of sets of customers that are consecutive in the 

initial order. Customers are then routed within their cluster depending on the specific 

heuristic. By applying this approach to our problem, the retailers will be routed into a 

single route by using the travelling salesman problem such as the nearest neighbor 

algorithm. Then the route will be partitioned into many clusters in accordance with 

vehicle capacity. In addition, one objective in the clustering phase is to utilize vehicle 

capacity in order to minimize the number of trips. Consequently, the number of trips in 

the solution to this model will equal the lower boundary. 

The objective of the following studies is to apply the route first-cluster second 

approach to the previous example and then relax the no shortage assumption. 

7.1 Applving Route First-Cluster Second Algorithm 

Based on the route first-cluster second algorithm, all retailers in each 

replenishment period are routed into a single route by regarding the location of each 

retailer and ignoring the vehicle capacity. Thus, the emerging route consists of a location 

sequence of retailers. Then, we partition this route by looking at the retailer's demands 

and the summation of demands less than or equal to vehicle capacity. Therefore, this 
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model will give the minimum number of trips. However, we do not allow splitting the 

orders to favor vehicle capacity constraint. Therefore, the delivery quantities will be as 

high as possible but not exceeding vehicle capacity. The route first-cluster second 

approach takes the following steps. 

Step 1 Begin with the solutions from the retailers in each replenishment interval 

Step 2 Route all retailers into a single route by considering their travelling distance from 

one point to another point. Begin the route at the warehouse and consider the 

closest retailer relative to the warehouse. 

Step 3 The retailers that are close to the routed retailer will be routed in this single route. 

Step 4 Repeat step 3 until all retailers are routed. 

Step 5 For the clustering phase, begin with the sequence of a single route. Start with the 

retailers in the first position, add the delivery quantity of the retailer at the second 

position to the delivery quantity of the retailer in the first position of the sequence. 

Go to step 6. 

Step 6 If the delivery quantity is greater than the vehicle capacity, move to the next 

position in the sequence and repeat step 5 until all retailers are considered. 

Step 7 The next cluster will be created by considering the retailers that are left in the 

sequence. Repeat step 5, 6 and 7 until all retailers are clustered. 

Step 8 Apply the nearest algorithm to each cluster in order to achieve minimum distance 

in each cluster 
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7.1.1 Example 

From the information and replenishment policies in the example of section 6.1.1. 

we apply all steps in the route first-cluster second algorithm and obtain the solutions in 

Tables 7 1 and 7.2. 

Table 7.1 
Solution of single route in each cluster or each replenishment period 

(Apply steps 1 -4) 

Week 

2 

4 

S 

16 

Route 

(0,1,2,4,0) 

(0,1,2,4,5,0) 

(0,1,2,4,6,5,0) 

(0,1,2,3,6,5,4,0) 

Q 
550 

600 

640 

680 

Distance 

16 

30 

32 

37 

Trans costs 

800 

1500 

1600 

1850 

Table 7.2 
Solution by applying the routing phase (steps 5-8) 

Week 

2 

4 

8 

16 

Route 

(0,2,4,0) 

(0.1,0) 
Total 

(0,1,5,0) 
(0,2,4,0) 

Total 
(0,1,5,0) 

(0,2,4,0) 

(0,6,0) 
Total 

(0,1,5,0) 
(0,2,4,0) 

(0,3,6,0) 

Total 

Q 
300 

250 
550 
300 
300 
600 
300 

300 

40 
640 

300 
300 

80 

680 

Distance 

16 

4 
20 
18 
16 
34 
18 

16 

4 
38 

18 
16 

11 

45 

Trans costs 

800 

200 
1400 
900 
800 

2100 
900 

800 

200 
2500 

900 
800 

550 

2850 
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Total annual transportation cost 

= (1000+400)*10 + (1700+400)*5 + (1900+600)*3+(2250+600)*2 = $37,700. 

Total annual inventory cost = $29,100. 

System annual cost = 37,700+29100 = $66,800. 

From the results, we see that this approach gives a higher system cost when 

compared to the cluster first-route second approach because we relax the requirement that 

the retailers in the same cluster must be neighboring. However, the number of clusters or 

the number of trips is usually less than or equal to the solution from the cluster first-route 

second because the purpose of this model is to utilize vehicle capacity. 

7.2 Applving Shortage policy 

Like cluster-first route second, we also can apply the shortage policy to the route 

first-cluster second as follows: 

Stepl Begin with the initial solutions from the second model. 

Step 2 Consider the routes that have capacity left. In this study, we assume that the route 

that uses less than half of the vehicle capacity will be postponed to the next 

replenishment period. Calculate the shortage costs that will be incurred at 

retailers in those routes when we move the products in the partially full vehicle to 

the next replenishment period. Hence, the number of vehicles will be reduced by 

one as a result of allowing the shortage policy in each route. 
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ShortageCost -
2R 

(7.1) 

Where, shortage cost = $/replenishment period 

K = shortage, cost/unit/year 

J = amount of shortage, units. 

Step 3 Assign those routes to be delivered at the next replenishment period. Recalculate 

transportation costs and inventory cost including shortage cost. 

Since this model tries to utilize vehicle capacity, if we allow a shortage policy, the 

shortage quantities that reduce the number of travelling trips will be minimized. The 

transportation costs (variable and fixed costs) will significantly decrease. If the 

decreased transportation costs can compensate for the increased inventory costs (shortage 

costs), the total system cost will be improved. For example, if we allow a shortage at 

retailer 6 for week 8 and retailers 3 and 6 for week 16; all orders will be delivered at the 

next replenishment period, which is week 10 and week 18, respectively. 

7.2.1 Example 

When we allow shortage of products in weeks 8 and 16, the solution is shown in 

Tables 7.3 and 7.4, respectively. 

Table 7.3 
Solution after applying a shortage policy (for week 8) 

Week S (allow shortage) 
Route Q Distance Trans cost 

(0,1,5,0) 300 18 
(0,2,4,0) 300 16 

Total 600 34 

900 
800 

2100 

Revised Week 10 (allow shortage) 
Route Q Distance Trans cost 

(0,1,6,0) 
(0,2,4,0) 

Total 

290 
300 
770 

9 
16 
25 

450 
800 
1650 
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Table 7.4 
Solution after applying a shortage policy (for week 10) 

Week 16 (allow shortage) 
Route 

(0,1,5,0) 
(0,2,4,0) 

Total 

Q Distance 
300 18 
300 16 

600 34 

Trans cost 
900 
800 

2100 

Revised Week 18 (allow shortage) 
Route 

(0,1,3,0) 
(0,2,4,0) 
(0,3,0) 
Total 

Q Distance Trans cost 
290 8 450 
300 16 800 

4 200 
770 37 2050 

Total annual transportation cost 

= (1000+400)*5 + (1250+400)*3 + (1450+600)*2 + (1700+400)*5 

+(l700+400)*3+(1700+400)*2 = $37,050. 

Total annual inventory cost = $29,300. 

System annual cost = 37,050+29,300= $66,350. 

Notice that allowing a shortage of products reduces the total system cost. 

7.3 Conclusion 

The advantage of this model is in utilizing the vehicle capacity in order to reduce 

transportation costs, especially fixed transportation costs. In case the fixed transportation 

costs are very high, this approach will reduce the number of trips that a vehicle must 

travel, so the transportation costs will be remarkably reduced. Moreover, the shortage 

policy usually improves the total system cost because the delivery amount that we allow 

being short is minimized. However, utilizing vehicle capacity depends on the EOQ of 

each retailer. If the sizes of all delivered quantities are relatively close to the vehicle 

capacity, this model may not be practical since we may not be able to group retailers 

together by not allowing split orders. 
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Since the advantages of both models, cluster first-route second and route first-

cluster second, are different and give the difference results, the next chapter will study the 

effects of problem factors on the results of model 1 (cluster first-route second) and model 

2 (route first-cluster second). 
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CHAPTER Vin 

EXPERIMENTAL STUDY AND EVALUATION 

This chapter examines the performance of the developed models. As stated 

previously, there are two components involved in the single warehouse and many 

retailers distribution system: the inventory problem and VRP. Therefore, in this 

experiment, we randomly select the demands and locations of each retailer and vary the 

number of retailers and inventory factors, which are the holding cost rate and setup cost. 

We compare the solutions from model 1, cluster first-route second, and model 2, route 

first-cluster second, to the solution from the independent model. 

8.1 The Experimental Objectives 

The first objective of this experiment is to assess if model I and model 2 are 

better than the independent model. Thus, we compare the results from model 1 and 

model 2 to the solution from an independent model. The second objective is to evaluate 

whether these two models give different results. The last objective is to analyze the 

sensitivity of both models to the setup cost factor (C), holding cost rate factor (H) and 

number of retailers' factor (R). 

The independent model is the model that uses economic order quantity (EOQ) and 

replenishment interval (7) from the classical inventory model as the solution of the 

problem. The delivery policy is supplying retailer / according to its EOQ every T, period. 

A truck will travel to only one retailer for each trip. Therefore, the independent solution 

is supplying each retailer separately. The independent solution is the worst solution that 
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could happen in a supply chain system. For example, when two retailers place orders at 

different periods but they are located near one another, a depot and retailers must decide 

the best solution between delivery as different route according to their replenishment 

periods and delivery as the same route at the same period. To evaluate the performance 

of the developed model, we compare the result from each model to the solution of the 

independent solution by the term percentage deviation (z). The total system cost 

consisting of transportation costs and inventory costs from each model will be compared 

to the total system cost from the independent solution. Therefore, z represents the 

improvement of the solutions for each model from the independent solution. The model 

improvement or z is defined as follows: 

z = ^' -^A/ •lOO (8 1) 

where Cj is the total cost of the independent solution, 

Cj^ is the total cost obtained by applying model M, for / = 1, 2. 

8.2 The Experimental Strategies 

There are four factors: C (setup cost), H (holding cost rate), R (number of 

retailers) and M (models), involved in this experiment. The levels of C and H are 

selected relative to the product price. Since we assume that the product value is $200, the 

levels of C will be selected between half and two times the product price. Therefore, C is 

developed with four levels (100, 200, 300 and 400) and H is selected with four levels 

(15%, 20%, 25% and 30%) as well. For the size of the distribution system, we select 5 

and 10 retailers for small and large distribution systems respectively; thus, there are two 
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levels in factor i?. We evaluate the system costs of model 1 and model 2 by varying C 

and H for small and large distribution systems (5 retailers and 10 retailers, respectively). 

Therefore, M (model) consists of two levels (model 1 and model 2). The total system 

cost consisting of transportation costs and inventory costs is calculated for each level 

combination of all factors. In this experiment, the variable transportation per unit of 

travelling distance ($5/mile) and the fixed transportation cost ($200/trip) are assumed to 

be constant. 

The distribution system of 5 retailers and 10 retailers are simulated on the Turbo 

C program, included in the Appendix, at all treatment combinations of C and H factors. 

The data set of randomly selected demands and locations are solved by applying the first 

model, second model and independent model at each treatment combination of C, H and 

R. By relaxing the no shortage cost assumption, we recalculate the total system cost: 

inventory costs and transportation costs. 
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8.3 Raw Data 

Inventory costs and transportation costs for each treatment combination are shown 

in Tables 8.1 and 8.2, and z is shown in Table 8.3. 

Table 8.1 
Inventory costs and transportation costs of the distribution systems of 5 retailers 

No. of 
Retailers 

Holding 

Cost(%) 

Setup Cost 

100 

200 

300 

400 

Independent 

Model I 

Model 1S 

Model 2 

Model 2S 

Independent 

Model 1 

Model IS 

Model 2 

Model 2S 

Independent 

Model 1 

Model IS 

Model 2 

Model 2S 

Independent 

Model 1 

Model IS 

Model 2 

Model 2S 

15% 

Inven. 

10914 

11126 

11126 

11126 

11126 

15435 

15639 

16339 

15639 

16339 

18904 

19267 

19267 

19267 

19267 

21828 

22252 

22252 

22252 

22252 

Trans. 

9899 

7200 

7200 

7200 

7200 

6999 

6036 

5455 

5827 

5245 

5715 

4959 

4959 

4959 

4959 

4949 

4959 

4959 

4959 

4959 

20% 

Inven. 

12602 

12844 

12844 

12844 

12844 

17823 

18352 

18912 

18352 

18912 

21828 

22102 

22662 

22102 

22662 

25205 

25689 

25689 

25689 

25689 

Trans. 

11430 

7360 

7360 

7360 

7360 

8082 

6036 

5455 

5827 

5248 

6599 

6036 

5455 

5827 

5245 

5715 

4959 

4959 

4959 

4959 

5 

25% 

Inven. 

14090 

14283 

14283 

14283 

14283 

19926 

20461 

20461 

20461 

20461 

24405 

24815 

25235 

24815 

25235 

28180 

28565 

28985 

28565 

28985 

Trans. 

12780 

7657 

7657 

7657 

7657 

9036 

7199 

7199 

7199 

7199 

7378 

6036 

5455 

5826 

5245 

6390 

6036 

5455 

5827 

5245 

30% 

Inven. 

15435 

15639 

15639 

15639 

15639 

21828 

22252 

22252 

22252 

22252 

26734 

27528 

27808 

27528 

27808 

30870 

31278 

31558 

31278 

31558 

Trans. 

13999 

7657 

7657 

7657 

7657 

9899 

7199 

7199 

7199 

7199 

8082 

6036 

5455 

5827 

5245 

6999 

6036 

5455 

5827 

5245 
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Table 8.2 
Inventory costs and transportation costs of the distribution systems of 10 retailers 

No. of 
Retailers 
Holding 
Cost(%) 

Setup Cosi 

100 

200 

300 

400 

t 

Independent 

Model 1 

Model 1S 

Model 2 

Model 2S 

Independent 

Model 1 

Model 1S 

Model 2 

Model 2S 

Independent 

Model 1 

Model IS 

Model 2 

Model 2S 

Independent 

Model 1 

Model IS 

Model 2 

Model 2S 

15% 

Inven. 

24391 

24788 

24788 

24788 

25690 

34494 

35291 

36699 

35291 

35291 

42247 

42626 

44091 

42626 

44091 

48782 

49577 

49756 

49577 

49577 

Trans. 

21827 

13370 

13370 

13855 

12368 

15435 

12450 

11482 
11251 

11251 

12602 

12672 

11117 

11916 

11396 

10914 

11453 

11503 

11343 

11343 

20% 

Inven. 

28164 

28417 

28417 

28417 

28417 

39831 

41211 

42337 

41211 

41211 

48782 

49584 

51049 

49584 

51049 

56329 

56834 

56977 

56834 

58006 

Trans. 

25204 

11965 

11965 

11718 

11718 

17822 

11478 

10510 
11761 

11761 

14552 

12672 

11117 

11916 

11396 

12602 

12412 

11503 

11916 

11396 

10 

25% 

Inven. 

31489 

31896 

31896 

31896 

31896 

44532 

45635 

45635 

45635 
46394 

54540 

55986 

55986 

55986 

55986 

62978 

63793 

63900 

63793 

64672 

Trans. 

28179 

30% 

Inven. Trans. 

34494 30869 

11965 35292 

11965 

11718 

11718 

19926 

13210 

13210 
13732 

11724 

16321 

12450 

12450 

11251 

11251 

14090 

12412 

11503 

11916 

11396 

35653 

35292 

35653 

48782 

49576 

49576 

49576 
50478 

59750 

61816 

62943 

61816 

61816 

68989 

70584 

71991 

70584 

70584 

13787 

11665 

15371 

13249 

21828 

13370 

13370 
13856 

12369 

17822 

11979 

10510 

11761 

11761 

15435 

12450 

11485 

11251 

11251 

Remarks (for Tables 8.1 and 8.2): "Independent" is the solution from the 

independent model. "Model 1" and "Model 2" are solutions after applying the cluster 

first-route second and route first-cluster second, respectively. "Model 1S" and "Model 

2S" are solutions from allowing a shortage policy in model 1 and model 2, respectively. 
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Table 8.3 
Percent deviation (z) at all treatment combinations 

No. of Retailers 

Holding Cost(%; 

Set-up Cost 
100 

200 

300 

400 

) 

Model 1 
Model IS 
Model 2 
Model 2S 
Model 1 
Model IS 
Model 2 
Model 2S 
Model 1 
Model 1S 
Model 2 
Model 2S 
Model 1 
Model 1S 
Model 2 
Model 2S 

15% 

11.95 
11.95 
11.95 
11.95 
3.38 
2.86 
4.32 
3.79 
1.59 
1.59 
1.59 
1.59 

-1.62 
-1.62 
-1.62 
-1.62 

20% 

15.93 
15.93 
15.93 
15.93 
5.86 
5.94 
6.66 
6.75 
1.02 
1.09 
1.75 
1.83 
0.88 
0.88 
0.88 
0.88 

5 

25% 

18.35 
18.35 
18.35 
18.35 
4.50 
4.50 
4.50 
4.50 
2.93 
3.44 
3.59 
4.10 
-0.09 
0.38 
0.51 
0.98 

30% 

20.85 
20.85 
20.85 
20.85 
7.17 
7.17 
7.17 
7.17 
3.60 
4.46 
4.20 
5.06 
1.47 
2.26 
2.02 
2.81 

15% 

17.44 
17.44 
16.39 
17.66 
4.38 
3.50 
6.78 
6.78 
-0.82 
-0.65 
0.56 
-1.16 
-2.23 
-2.62 
-2.05 
-2.05 

20% 

24.33 
24.33 
24.80 
24.80 
8.61 
8.34 
8.12 
8.12 
1.70 
1.74 
2.90 
1.40 

-0.46 
0.65 
0.26 
-0.68 

10 
25% 

26.49 
26.49 
26.91 
26.91 
8.71 
8.71 
7.90 
9.84 
3.42 
3.42 
5.11 
5.11 
1.12 
2.16 
1.76 
1.30 

30% 

24.91 
27.61 
22.49 
25.19 
10.85 
10.85 
10.17 
10.99 
4.86 
5.31 
5.14 
5.14 
1.65 
1.12 
3.07 
3.07 

Remarks: "Model 1" and "Model 2" are solutions after applying the cluster first-

route second and route first-cluster second, respectively. "Model IS" and "Model 2S" 

are solutions which result from allowing a shortage policy for model 1 and model 2, 

respectively. 
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8.4 The Analysis Strategies 

According to the raw data and the z values for 5 retailers (Table 8.1 and Table 8.2, 

respectively), the total system costs by applying model 1 and model 2 are basically the 

same; thus the z values of the solutions from model 1 and model 2 are the same. Since 

the 5 retailers distribution system does not give many combinations of retailers for 

routing or clustering, the solutions from model 1 and model 2 are mostly the same. 

Consequently, the performance of the algorithms cannot be differentiated for small 

problem size. We will therefore analyze the experiment based on the data from 10 

retailers only. 

Since the levels of C, H and M are 4, 4 and 2, respectively, we develop a 4x4x2 

FAT-CRD (Factorial Arrangement of Treatment-Completely Randomized Design) 

(Kolarik, 1995) with one observation per treatment combination. Thus, we will have 32 

observations or z values. According to Kolarik (1995), these three factors are considered 

to be crossed because every level of C occurs with every level of .^ and M In addition, 

every level of// also occurs with every level of C and M and factor Mas well. 

Consequently, the interaction between factors can be measured. 

The main effect of factors C, H and Mis defined to be the change in z by a change 

in the level of the factor C, / / and M averaged over all other factors, respectively. We 

may find that the difference in the average of z between the levels of one factor is not the 

same at all levels of the other factors. This is called the interaction effect. For example, 

interaction between factors C and H if the averaged z of factor C depends on the level 

chosen for factor H. CHij represents the interaction effect between factors C and //. The 
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interaction effects for other factors can be defined as the same context as the CH,j 

interaction. 

Thus, our model can be written as: 

>;,;=// + C, + H^ + M , + CH,^ + CM,, + HM., + CHM,^, + s,^^,, (8.2) 

where / = 1, 2, 3, 4 (for 100, 200, 300, 400); 

7 = 1, 2, 3, 4 (for 15%, 20%, 25%, 30%); 

A: = 1, 2 (for model 1, model 2); 

/ = 1, (only one replication). 

Yijki represents z. 

As presented in Kolarik's book (1995), if we do not have replication, we can not 

obtain a direct estimate of our experimental error. However, we can apply the pooling 

technique by subjectively selecting mean square {MS) terms that are relatively small. 

After applying the pooling technique, we will obtain the pooled experimental error. 

Then, we will be able to calculate F values and test the hypothesis of no difference in 

treatment means. 

So far, we have assumed that z is adequately described by the model in equation 

8.2 and our residuals, £i(ijk). are independently and normally distributed with mean zero 

and constant variance ô . If these assumptions are valid, then the analysis, which is the 

test of the hypothesis of no difference in treatment means, is valid. Since we plan to 

analyze our data using computer aids, such as SAS, we will focus on the goodness-of-fit, 

Shaprio-Wilk test (Kolarik, 1995), statistical W with P-value including normality plot. 
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One objective of this experiment is to assess if model 1 and model 2 are better 

than the independent model. Since the z/ of the independent model is zero, we will 

develop a (l-a)*100 percent confidence interval on jUj^^ and ju^^ for model 1 and model 

2, respectively. At a = 0.05 level, the 95% confidence interval is (Kolarik, 1995): 

+ CI =t l^^err .^ ^. 

f 

where n represents the number of observations in the calculated mean. 

Since the second objective of this experiment is to evaluate whether there is 

difference in results between model 1 and model 2, we will develop the LSD (Least 

Significant Difference) test on /Uj^^ and fi,^^ (for model 1 and model 2, respectively). 

ThtLSD at a = 0.05 level is calculated as (Kolarik, 1995): 

+ /.^/)oo5=W.4r,.J^^ (8-4) 

where n represents the number of observations for each treatment mean. 

Finally, we want to verify the last objective, which is studying the effect of the C 

and H factors. If the null hypothesis of no difference in treatment means each factor is 

rejected, we will apply the LSD test (equation 8.4) on //^ and //^ to compare each pair of 

treatment means. 
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8.5 The Analysis of Three Factors FAT-CRD for 10 Retailers 

As stated previously that the 5 retailers distribution system is not critical in 

detecting the difference between model 1 and model 2. Therefore, we will analyze the 

experiment based on the data from 10 retailers only. There are three factors (C, H and M) 

involving this experiment and the model is: 

Model: 

>;« =^-^C, +H^ + M , +CH,^ +CM,, +HM., +CHM,^, +8,,,,,,. 

Our testing hypotheses are as follows: 

Main Effect C: HQ. All //^ are equal 

Hi. At least one //^ is not equal to the others. 

The term //^ represents C mean. 

Main Effect //: HQ. All /î ^ are equal 

Hj: At least one //̂ ^ is not equal to the others. 

The term //^ represents H mean. 

Main Effect M: HQ. All //j^ are equal 

Hi. At least ont/Uj^ is not equal to the others. 

The term /i^ represents M mean. 

Interaction CH. Ho. All //̂ ^ are equal 

Hi. At least one //c// is not equal to the others. 

The term //̂ /f, represents CH mean. 

45 



Interaction CM: Ho. All //̂ ^^ are equal 

Hi. At least one /î M^ is not equal to the others. 

The term /u^^^^ represents CM mean. 

Interaction//M: Ho. All / / ^ are equal 

Hi. At least one//^^ is not equal to the others. 

The term /î ^̂ ^ represents HM mean. 

Interaction CHM. HQ. All ^CHM- are equal 

Hi. At least one MCHM ^ Js not equal to the others. 

The term JU^HM represents CHM mean. 

We examine the experimental data graphically as shown in Figures 8.1 and 8.2. 

Those graphs indicate that z increases as H increases but z decreases as C increases. 
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To verify the results, we develop a statistical analysis by building an ANOVA 

table. All data are analyzed on an SAS program and the results are shown in Table 8.4. 

Table 8.4 
ANOVA table for 4 x 4 x 2 FAT-CRD (a=0.05) for 10 retailers from SAS output 

(No replication). 

Source 

Total Corrected 

C 
H 
M 
CH 
CM 
HM 
CHM 
Experimental Error 

df 

32 
3 
3 
1 
9 
3 
3 
9 

SS 

2654.76 
2456.25 

146.34 
0.894 
40.30 

3.64 
1.34 

5.996 
. 

MS 

818.75 
48.78 
0.894 
4.48 

1.213 
0.447 

0.6662 

F P-value 

According to the results in the ANOVA table, we cannot obtain a direct estimate 

of the experimental error. The mean square of the main effect M and the interaction of 

CM, HM and CHM are relatively small. Therefore, we will pool these M5 to develop the 

pooled experimental error. The new reduced model is: 

>;«« = /^+Q+/ / ,+c7/ ,^+^, 

and the new ANOVA table is shown in Table 8.5. 
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Table 8.5 
ANOVA table 4 x 4 x 2 FAT-CRD (a=0.05) for 10 retailers from SAS output 

(After applying the pooling technique) 

Source df SS MS F P-value 

Total Corrected 15 2654.76 
C 3 2456.25 818.75 1104.06 0.0001 
H 3 146.34 48.78 65.78 0.0001 
CH 9 40.30 4.48 6.04 0.0010 
Pooled Experimental Error 16 11.87 0.741 

Our corresponding hypotheses are: 

Main Effect C HQ. All ju^ are equal 

Hi. At least one /u^ is not equal to the others. 

The term /i^ represents C mean. 

Main Effect H. Ho. All /dfj are equal 

Hi. At least one /i^ is not equal to the others. 

The term fi„ represents H mean. 

Interaction CH Ho. All ^CH^ are equal 

Hi. At least one I^CH is not equal to the others. 

The term fi^n represents CH mean. 

Since the P-value of the main effect C and H is less than a = 0.05, we will reject 

the null hypotheses of the main effect C and H (that all MC, are equal and all //„. are 

equal). We conclude that there are significant differences in treatment means of the main 

effect C and H given the a = 0.05 significant level. For interaction C//, we also reject the 
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Ho (that all /î H,, are equal), at 0.05 significant level, and conclude that significant 

interaction CH has been detected. 

To verify the null hypothesis that the residuals are normally and independently 

distributed, we focus on the Shaprio-Wilk, W= 0.9788 vAi\i P-value = 0.8038 as shown 

in Figure 8.3. Based on this evidence, we will not reject the null hypothesis at a = 0.05 

level and we conclude that our normality assumption is valid. 

The following analyses in sections 8.6, 8.7, 8.8, 8.9, 8.10 and 8.11 are also based 

on the experimental data from 10 retailers only. 
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8.6 The CnrnpaHcnn between Model 1 and Independent Model 

The first objective of this experiment is to assess if the solution of model 1 is 

better than the solution from the independent model. Our hypothesis can be written as: 

^0- f^M, = 0 or the average percent deviation of model 1 is equal to the percent 

deviation of the independent model. 

^^ Mv/, '̂  0 or the average percent deviation of model 1 is not equal to the percent 

deviation of the independent model. 

To verify this null hypothesis, we develop a 95% confidence interval on /î  of the 

independent model which is zero. 

±Cl950X„= ±t 
0.7416 

0 025,4r„ 
16 

= + 0.456%. 

The interval is placed on zero as shown in Figure 8.4. 
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Figure 8.4 Average percent deviation versus models plot for the 10-retailer data. 
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Since /^j^^ does not fall within the 95% confidence interval on zero, we will reject 

the null hypothesis, at a = 0.05, and conclude that ^j^^ is not equal to //̂  or zero. 

Therefore, the average percent deviation of model 1 is significantly different from the 

percent deviation of the independent model at a =0.05 level of significance. Therefor, 

we conclude that model 1 gives better solutions than the solutions from independent 

model. 

8.7 The Comparison between Model 2 and Independent Model 

To evaluate whether model 2 is better than the independent model, we also 

develop the 95% confidence interval on zero to test the following hypothesis: 

Ho: f^M ^ 0 or the average percent deviation of model 2 is equal to the percent 

deviation of the independent model. 

Hi: n^ ^Oox the average percent deviation of model 2 is not equal to the percent 

deviation of the independent model. 

From Figure 8.4, we notice that//;^ does not fall within the 95%o confidence 

interval of n^ (zero). Consequently, we will reject the null hypothesis and conclude that 

/i^ is significantly different from//^ at « = 0.05 level of significance. Therefore, model 

2 gives better solutions than the solutions from independent model. 
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8.8 The Comparison between Model 1 and Model 2 

The second objective of this experiment is to assess if there is a significant 

difference in the results of model 1 and model 2. Therefore, the relevant hypothesis is: 

^o- fJ.^^ - //^^ or the average percent deviation of model 1 is equal to the average 

percent deviation of model 2. 

^1 >"M, ^ >"MJ or the average percent deviation model 1 is not equal to the 

average percent deviation of model 2. 

We develop the LSD at the 0.05 significance level to test this hypothesis. Then, we 

compare the difference between //Ĵ ^ and f^^^ to the corresponding LSD as shown in 

Figure 8.5. 
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Figure 8.5 Average percent deviation versus models plot for the 10-retailer data. 
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The + LSD arrows are plotted on the highest average percent deviation which is 

at/̂ A/̂  We notice that //^ is in the LSD interval or the difference between jUj^^ and//ĵ ^̂ . 

(8.7694-8.435 = 0.3344) is less than LSD0.05 (0.645). Therefore, there is no significant 

difference between the average percent deviations of model 1 and model 2, LSD, a = 

0.05 level of significance. The null hypothesis that //̂ ^ is equal XojUj^^ is accepted. The 

results from the ANOVA table (Table 8.5) also support this conclusion, since the mean 

square {MS) of main effect Mis very small, thus the P-value will be high. Consequently, 

based on the evidence, model 1 and model 2 give approximately the same solution. 

In addition, according to the ANOVA table, we conclude that the interaction 

detected of CM, HM and CHM art not significant since the mean squares corresponding 

to these terms are relative small. Therefore, the P-values are also small comparing to 

0.05 significant level. Consequently, the following analyses in sections 8.9, 8.10 and 

8 11, we interpret factors C and //, and interaction CH, respectively without interaction 

with factor M 

8.9 The Effects of Setup Cost Factor (O 

The objective of this section is to examine the effects of C. From the ANOVA 

table (Table 8.5), the P-value of main effect C (0.0001) is very small; therefore, at a = 

0.05 level, we will reject the following null hypothesis: 

Hi: At least one //^ 's not equal to the others. 

56 



We conclude that ju^ (averaged over H and M) is not the same at all levels of C. 

However, we can not define the best treatment from the results of the ANOVA table. We 

will develop the LSD comparison at 0.05 significant level to assess our pairwise 

hypotheses which can be written as: 

Ho. Mc, = Mc for all ij combinations, />/, i,j= 1,2,3,4 

The LSD at a = 0.05 level can be calculated as follows: 

LSDo.05- (o.OlS.df^-J 
2x0.7416 

8 
= 0.9128 

The + LSD arrows are plotted on //^ of each level of C as shown in Figure 8.6. 
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Figure 8.6 Average percent deviation versus setup cost plot for the 10-retailer data 
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We notice that the differences of //^ for all pairs of treatment means are greater than 

LSDo.05. Therefore, we reject the corresponding null hypotheses at the 0.05 significant 

level and conclude that /j^^ ^ /i^. for all ij combinations. 

We conclude that C (setup cost) causes a significant difference in //^ at all levels 

of C {P-value = 0.0001), a = 0.05 significant level, and when C decreases /ie, will 

increase or the improvement of the system cost from the independent solution will 

increase. 

The effect from low setup cost is the EOQ will be small, then an organization will 

order many times instead of ordering fewer times in a large amount. When delivery 

quantities are small, we can group retailers in order to deliver within one trip instead of 

delivery to each retailer separately as independent solutions. Thus, the transportation 

costs are reduced. Consequently, when an organization has low setup cost, our 

algorithms (model 1 and model 2) perform very well 

8.10 The Effects ofHolding Cost Rate Factor (//) 

The results from the ANOVA table (table 8.5-2) also indicate the significant 

difference of /i^ (averaged over C and M) at all levels of// {P-value = 0.0001). Based 

on this evidence, we will reject the following null hypothesis: 

Ho. ^H, = ^H, = ^H, = MH, 

HI: At least one /i^ is not equal to the others. 
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To make direct comparisons between treatments, we develop the LSD at 0.05 significant 

level and the corresponding hypotheses are: 

Ho. MH, = MHJ for all ij combinations, i;>j, 7,7 = 1, 2, 3, 4 

Hj MH, ^MH^ 

LSDo.05- hms.df^J 
2x0.7416 

8 
= 0.9128 
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Figure 8.7 Average percent deviation versus holding cost rate plot 
for the 10-retailer data 

The ± LSD arrows are plotted on the //^ on each level of factor //. According to 

Figure 8.7, the difference in //^ ^ and ^„^^ is not significant, since it is less than the 

LSDo.05 value. Consequently, we will accept the null hypothesis of treatment comparison 

of 30% and 25%>, at 0.05 significant level. For other treatment pairs, we notice that the 

differences between treatment means are greater than the LSD0.05 value; therefore, at a = 
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0.05, we will reject the null hypotheses except the pairwise hypothesis of 30% and 25%. 

We know that bigger is better in z; therefore, we conclude that the higher holding cost 

rate, the higher the z values. 

Like the effects from low setup cost, the high holding cost rate will give the small 

EOQ, thus, an organization will order in a small quantity and we can group these small 

orders in order to deliver within one truck instead of delivery to each retailer separately 

as independent solutions. The transportation costs are reduced. Consequently, our 

algorithms (model 1 and model 2) perform very well with the company that has high 

holding cost rate. 

8.11 The Effects of Interaction CH 

Since the results in ANOVA table (Table 8.5) indicate significant interaction of 

CH {P-value = 0.001) at 0.05 significant level, we will reject the following null 

hypothesis: 

HQ: All ^^ff are equal 

Hi: At least one /ic// *s not equal to the others. 

We conclude that significant interaction has been detected, based on the evidence. 

Therefore, we must interpret factor C and factor H together in assessing the best 

treatment combinations, which give the highest z. We focus on the interaction plot in 

Figure 8.8 and develop ± LSDo.05 arrows on the highest treatment mean (bigger is better). 

Tcr^ _ 2x0.7416 _ , ^^. 
LSDo.05 - ô.o25,#„-v/ 1 1.826. 
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Figure 8.8 Average percent deviation versus holding cost rate and setup cost plot 
for the 10-retailer data 

From the graph, the treatment combination of the 100 of the setup cost and 25 

percent of the holding cost appears to produce significantly different in average percent 

deviation than the other treatment combinations, at a = 0.05 significant level. 

The results from this analysis also support the conclusion in sections 8.9 and 8.10. 

Our algorithms (model 1 and model 2) accomplish when an organization has low setup 

cost and high holding cost rate since the order quantities are small and we can deliver 

these small quantities within one truck. 
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8.12 Conclusion 

The first objective of this experiment is to assess the performance of the 

developed models compared to the independent model. We conclude that both models 

definitely give better solutions than the solutions from the independent model at 0.05 

significant level because //̂ ^ - //, = 8.435 is greater than Cl95o/o= 0.456 and //̂ ^ - //, = 

8.7694 is also greater than CI950/0= 0.456. The second objective is to evaluate the 

significant differences between models 1 and 2 and we conclude that there is no 

significant difference between models 1 and 2 at 0.05 significant level since ju,^ - I^M = 

8.7694-8.435 = 0.3344 is less than LSDo.05 = 0.645. Thus, the two models give 

approximately the same solutions. 

The last objective is to assess the sensitivity of inventory factor: setup cost and 

holding cost. We conclude that C (setup cost) causes a significant difference in fi^. at all 

levels of C {P-value = 0.0001), a= 0.05 significant level, and low setup cost gives better 

solutions than the solutions from independent model. Therefore, our algorithms (model 1 

and model 2) perform well when the company has low setup cost. 

For holding cost rate factor, there is significant difference of fifj at a = 0.05 

significant level at all levels of//. We conclude that the high holding cost rate gives 

better solutions than the independent solutions. When an organization has high holding 

cost rate, our algorithms perform very well. 

In regard to the size of the distribution system, since the performance of the 

algorithms cannot be differentiated for small problem size such as 5 retailers, we do not 

have quantitative solutions for the effect of different sized distribution systems. 
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CHAPTER IX 

CONCLUSIONS AND FUTURE RESEARCH 

9.1 Conclusions 

In this thesis we have studied the concept of the inventory model, the power of 

two policies and the vehicle routing problem model and integrated them to solve the one 

warehouse and multi-retailer distribution problem. Many previous studies have never 

considered both the inventory problem and transportation problem together. Some 

research considers only the inventory problem for the one warehouse and multi-retailer 

distribution system while other research only studies the vehicle routing problem. 

Integrating the inventory problem and vehicle routing problem can solve the one 

warehouse and many retailers distribution system with different approaches taken from 

the existing models. However, the solutions to the one warehouse and multi-retailer 

distribution system shown by applying our developed models are not optimal solutions. 

The solutions depend on the conditions of all factors involved in the system. 

According to the developed models, retailers are supplied according to their 

economic order quantities and replenishment periods after applying the power of two 

policies in order to implement the delivery policies. Retailers who are neighbors are 

supplied in the same route, based on cluster first-route second and route first-cluster 

second algorithms. Based on the experimental study, although the first model, cluster 

first-route second, and the second model, route first-cluster second, have different 

procedures, these two algorithms give approximately the same solution. The solutions 

shown by applying these two models are remarkably better than the independent solution. 
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Therefore, when an organization has to decide whether to route retailers into the same 

tnp or to deliver each retailer separately, these models will provide directions to make 

decisions. 

In addition, by studying the integrated inventory problem and vehicle routing 

problem, we acknowledge the significance and sensitivity of inventory factors: setup cost 

and holding cost rate. Our algorithms accomplish when an organization has low setup 

cost and high holding cost rate. 

9.2 Future Research 

So far, this research has discussed only one-item products of the one warehouse 

and multi-retailer distribution system. Future research could study the one warehouse 

and multi-retailer distribution system that involves many products or items. Also, the 

relaxation of some assumptions such as the constant and known demands or allowing 

splitting of the orders are interesting future studies. Since this research assumes constant 

transportation costs, the sensitivity of transportation costs including fixed and variable 

transportation costs could also be a variable for future study. In addition, the future 

research could study the effects of different sizes of one warehouse and multi-retailer 

distribution system. 
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APPENDIX 

(PROGRAM) 
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#include <iostream.h 
^include <iomanip.h 
#include <conio.h 
^include <math.h 
void setpre(void); 

intbbb,z,a,b,f,o,u,n,i,j,k,l,d[30],tp[30]; 
^°/^\J^lf2,h[30],c[30],p[30],q[30],t[30],tc[30],tcp[30],qp[30], 
sL301L30]min,distance,e[30][30],tcpt,tct,qpt,capa,sa[30][30],x[30],y[301,trc,trci; 
int main() 
{ 
//Data of Demands for 10 retailers distribution system 
d[lj = 2268; 
d[2] = 1363; 
d[3] = 2913; 
d[4] = 1358; 
d[5] = 3718; 
d[6] = 1178; 
d[7] = 362; 
d[8] = 3933; 
d[9] = 3800; 
d[10]=978; 
//Data of locations for 10 retailers 
x[l]=4.20;y[l]=8.37; 
x[2]=-0.31;y[2]=3.61; 
x[3]=-9.01;y[3]=6.69; 
x[4]=-1.54;y[4]=-0.67; 
x[5]= 6.37;y[5]= 7.92; 
x[6]=-8.62;y[6]=-4.98; 
x[7]=9.10;y[7]=-0.20; 
x[8]=-6.86;y[8]=7.99; 
x[9]=4.79;y[9]=3.18; 
x[10]=2.35;y[10]=3.05; 
II 
i=0; bbb=0; tcpt=0;tct=0;qpt=0; 
clrscr(); 
cout.precision(2); 
cout.setf(ios::fixed | ios::showpoint); 
gotoxy(2,2);cout«"Number of retailers ="; 
cinn; // 
gotoxy(2,2);cout«"NO. Demand %H Setup Price EOQ T(wk) TC Tp TCp Qp"; 
do 
{ 
i=i+l; 
h[i]=15; 
c[i]=100; 
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p[i]=200; 
gotoxy(2,i+2);cout«i; 
gotoxy(7,i+2);cout«d[i]; 
gotoxy(16,i+2);cout«h[i]; 
gotoxy(22,i+2);cout«c[i]; 
gotoxy(29,i+2);cout«p[i]; 
q[i] = sqrt(2*c[i]*d[i]/(h[i]*p[i]/100)); 
gotoxy(36,i+2);cout«q[i]; 
t[i] = 40*q[i]/d[i]; 
gotoxy(44,i+2);cout«t[i]; 
tc[i] = c[i]/(t[i]/40)+h[i]*p[i]*d[i]*(t[il/40)/200; 
gotoxy(5 l,i+2);cout«tc[i]; 
tct=tct+tc[i]; k=0; 
do 
{ 
k=k+l; 
}while(pow(2,k) < t[i]); 
tcl = c[i]/(pow(2,k-l)/40)+h[i]*p[il*d[i]*(pow(2,k-l)/40)/200; 
tc2 = c[i]/(pow(2,k)/40)+h[i]*p[i]*d[i]*(pow(2,k)/40)/200; 
if (tcl <=tc2) {tp[i] = pow(2,k-l); tcp[i]=tcl;} 

else {tp[i] = pow(2,k); tcp[i]=tc2;} 
gotoxy(61 ,i+2);cout«tp[i]; 
gotoxy(64, i+2) ;cout«tcp [i]; 
tcpt=tcpt+tcp[i]; 
qp[i] = d[i]*tp[i]/40; 
gotoxy(74,i+2);cout«qp[i]; qpt = qpt+qp[i]; 
} 
while(i<n); 
gotoxy(74, n+3 ) ;cout«qpt; 
gotoxy(51 ,n+3);cout«tct; 
gotoxy(64,n+3);cout«tcpt; 
gotoxy(2,20);cout«"Press any key to continue\a"; 
getchO; 
II 
clrscrO; gotoxy(2,2);cout« " x y "; 
gotoxy(l,3);cout« " 
gotoxy(2,4);cout« "RO 0 0"; 
x[0]=0; y[0]=0; 
for(j=l;j<=n;j++){ 

gotoxy(2,j+4);cout« "R" « j ; 
gotoxy(5,j+4);cout«x[j]; 
gotoxy( 12,j+4);cout«y[j]; 
gotoxy(l4+6*j,2);cout« "R"«(j-1); 

for(i=0;i<j;i++){ 
s[i]D]=sqrt(pow((x[j]-x[i]),2)+pow((y[j]-y[i]),2)); 
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sD][i]=s[i]D]; 
gotoxy(20+6*i,j+4);cout«s[i][j]; 

if(i!=0&&j!=0){ 
sa[i]Dl=s[01[i]+s[0]D]-s[i]D]; 
gotoxy(20+6*i,j+3+n);cout«sa[i][j];} 

} 
} 
gotoxy(2,24);cout«"Press any key to continue\a"; 
getchO; 
/ / 

clrscr(); 
gotoxy(2,3);cout«"R 0"; 
for(i=l;i<=n;i++){ 

gotoxy(2,i+3);cout« "R" « i ; 
} 
II 
for (i=0; i<=n; i++) 

{for(j=i+l;j<=n;j++){ 
e[i]D] = s[i]0]; 
eD][i] - sD][i]; 

}} 
for (i=0; i<=n; i++) 
{gotoxy(6+6*i,2);cout«"R " « i ; 
forG=0;j<=n;j++){ifG!=i) 
{gotoxy(6+6*j,i+3);cout«e[il|j]; 
}}} 
trc=0;z=0;a=0;f^O;distance=0;capa=0;qp[0]=0; 
do 
{ 
min=200; 
z=z+l; 
i=a;f^f+l; 
//check Min of the row 
for(j=i;j<=n;j++){ 

ifG!=ii&&e[i]D]<=min){ 
min=e[i][J];a=j;}} 
for(k=l;k<=n;k++){ 
if(e[i][k]!=1000){e[i][k]=300;e[k][i]=e[i][k];}} 

//print Min of each row and distance 
capa=capa+qp[a]; 
if(capa<=500){ 

gotoxy(2,5+n+bbb);cout«capa; 
gotoxy(22+4*f,5+n+bbb);cout«"~"«a; 
distance = distance+min;} 
else 
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{distance = distance+s[i][0];trc=trc+5*distance+100;} 
if (z==n){ distance = distance+s[a][0];trc=trc+5*distance+100;} 

gotoxy(10,5+n+bbb);cout«distance«" route 0"; 
if(capa<=500){for (k=l; k<=n; k++){ 
if(e[i][k]!=1000){e[i][k]=300;e[k][i]=e[i][k];}e[0][a]=1000;}} 

else 
{ a=0; capa=0; distance=0;f=0; 

gotoxy(2,23);cout«"Exceed capacity.Press any key to continue \a"; 
getchO; 
gotoxy(2,23); 
clreol(); 
setpreO; } 
} while (z<n); 
trci=0; 
for (i=l; i<=n; i++){trci=trci+2*s[o][i]*5*40/t[i]+100*40/t[i];}; 
gotoxy(2,22);cout«trc; 
gotoxy(2,23);cout«trci; 
getchQ; 
return (0); 
) 

void setpre(void){ 
{for(j=l;j<=n;j++){ 
if(e[0][j]!=1000){e[0]Dl = s[0]G];} 
}} 
z=z-l;bbb=bbb++; 
return; 
} 

//Data for 5 retailers 
d[l] = 3953; 
d[2] = 3414; 
d[3] = 1873; 
d[4] = 482; 
d[5] = 162; 
x[l]=7.73;y[l]=-2.98; 
x[2]=-8.11;y[2]=-0.76; 
x[3]= 8.97;y[3]=-2.75; 
x[4]=-4.17;y[4]=6.10; 
x[5]=-2.20;y[5]=3.89; 
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