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A B S T R A C T 

This research is devoted to develop an intelligent optimal scheduling approach for 

product distribution considering real world constraints. Many artificial intelligence and 

optimization techniques, including search, fuzzy c-means clustering method, and genetic 

algorithm, are used for improving the quality and efficiency of delivery scheduling. 

The intelligent scheduling system is composed of two modules - a short-distance 

delivery scheduling module and a long-distance delivery scheduling module. Short-

distance delivery scheduling is conducted at three different levels considering one driver 

and one load, one driver and multiple loads, and multiple drivers and multiple loads. 

Long-distance delivery scheduling is also conducted at three levels, including 

identification of the delivery demand patterns, creation of delivery zones, and zone-based 

delivery scheduling. 

The system was implemented using Visualworks, an object oriented programming 

language, and tested using examples for a local manufacturing company. 
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C h a p t e r 1 

I n t r o d u c t i o n 

This introduction chapter is organized as follows: Section 1.1 sketches the research 

background. Section 1.2 formulates the problems in product distribution scheduling. 

Section 1.3 describes the research objectives that motivated this work. Section 1.4 gives 

the outline of the thesis. 

1.1 Background 

The problems of scheduling have captured the interests of many researchers working on 

manufacturing, distribution, transportation, engineering maintenance, entertainment 

production, and construction since the 1960's. Scheduling is the process of selecting 

among alternative plans and assigning resources and timing parameters to the activities in 

the plan. These assignments must obey a set of rules or constraints that reflect the 

temporal relationships between activities and the capacity limitations of shared resources. 

The assignments also affect the optimality of a schedule with respect to criteria such as 

cost and time. In summary, scheduling is an optimization process where limited resources 

are allocated over time among activities [Zweben 94]. 

At early stage of this research, most of researchers focus on developing methods and 

algorithms for generating the sequence to complete required tasks. The developed 

algorithms include Networks, Critical Path Method (CPM), Performance Evaluation and 
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Review Technique (PERT), Precedence Diagram, etc. [Muth 63; Conway 67; O'Brien 

69]. 

The early researchers highly simplified the scheduling problems encountered in 

practice. Since the last decade, the researchers have realized that existing scheduling 

approaches were not able to solve the actual engineering problems, because the real-life 

constraints of engineering problems were not considered sufficiently. With the advances 

in computer technology and artificial intelligence, it is possible to develop effective 

scheduling systems to solve the real engineering scheduling problems. 

The research on intelligent scheduling for solving engineering problems considering 

real world constraints was initiated by Fox et al. [Fox 83; Fox 89]. In their research, 

scheduling was considered as a process of selecting among alternative plans and 

assigning resources in the plan. Constraints were used for guiding the direction of search 

to identify the feasible and the optimal schedules. Since then, many researchers started 

devoting their efforts on theoretical and implementational improvement to constraint-

based scheduling. 

The methodologies of intelligent scheduling are classified into two categories: 

constructive approach and repair approach. The constructive approach achieves a 

completed schedule gradually from a partial schedule using constraints as guidance [Fox 

83; Fox 89]. The repair approach, on the other hand, starts with a complete schedule and 

modifies it iteratively towards the optimal solution [Morris 90; Zweben 93]. Both 

approaches aim at identifying the optimal schedule considering the demanding 

constraints through iterative search process. 

Product distribution is an activity to deliver products to customers based upon the 

requirements and constraints from both the customer side and the supplier side [Eilon 

71]. Product delivery is conducted when the efforts on product design and manufacturing 

have been completed. A good product distribution schedule can reduce time and cost 

demanded to suppliers and customers. 
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Product distribution scheduling is a process to assign available resources to the 

delivery tasks and to identify the sequence and timing parameters of these tasks 

considering temporal constraints. In the scheduling problem for product distribution, 

tasks are defined as activities to deliver required products to customers using certain 

delivery resources including vehicles and drivers. The optimal schedule, among all the 

feasible schedules, is the one with the desired goal, such as the minimum traveling time 

or the shortest traveling distance, the minimum numbers of required vehicles and drivers, 

or the balanced working hours for all drivers, for delivering all the required products. 

At early stage, most of the researchers focused on solving the combinatorial problems 

such as the famous traveling salesman problem considering only the desired goal to 

minimize travelling distance or travelling time [Bellmore 68]. The goal of this research is 

to develop an intelligent product distribution scheduling system based on the intelligent 

approaches. 

1.2 Problem Statements 

Product distribution is concerned with efficient shipment of finished products from the 

end of production line to the consumers. This distribution must ensure that the proper 

amount of the right products is made available both at the place where demand for it 

exists, and at the time that demand exists. 

Recently, with the increasing internationalization of trade, products need to be 

delivered to customers both in local areas over short distance and remote areas over long 

distance. Therefore product distribution scheduling can be classified into two categories 

based on delivery locations: short-distance product distribution scheduling and long

distance product distribution scheduling. In short-distance product distribution 

scheduling, the delivery tasks can be completed within the driver's maximum working 

length in one day. When the locations of delivery tasks are far away and these tasks 

cannot be completed within the driver's maximum working hours in one day, long

distance scheduling should be conducted. 
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The delivery demands (customer orders) from local areas are different from the 

demands from remote areas. The intensity of delivery demands is always high in local 

areas. In order to give prompt service to customers, the customer orders are delivered 

with short delivery interval in local areas. The intensity of delivery demands is usually 

low in remote areas. It may be advisable to extend delivery period to long delivery 

interval rather than operate vehicles underloaded to deliver products frequently. 

In short-distance product distribution, when the delivery requirement exceeds the 

vehicle's capacity, multiple loads are required to complete the delivery tasks. 

Furthermore, when the working-hour to complete the delivery tasks exceeds the driver's 

maximum working length in one day, multiple drivers are required to complete the 

delivery tasks, and one driver is responsible for one or several loads. So in short-distance 

product distribution scheduling, the delivery tasks are first classified into task groups that 

are delivered by different drivers. The task groups delivered by different drivers are 

defined as driver groups in this research. For each driver group, the delivery tasks are 

further classified into task groups that are delivered by different loads. The task groups 

delivered by different loads are called load groups in this thesis. For each load group, the 

optimal delivery sequence should be identified to reduce travelling distance or travelling 

time. 

In long-distance product distribution scheduling, locations of delivery tasks can be 

divided into regions, or called zones, according to demand intensities. One driver works 

for certain zones, so the drivers can become thorough knowledgeable about the roads. 

The delivery frequency for a certain zone is determined by the demand level in this zone. 

The classification of delivery zones and delivery frequencies for these zones are 

achieved based on delivery requirements including volumes and locations of delivery 

tasks. Due to the change in delivery requirements, the classification of delivery zones 

should also be changed for responding to delivery requirement changes. On the other 

hand, in order to determine the product due dates both at the customer side and 

production side easily, the delivery zones and delivery frequencies of these zones should 
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remain the same during a certain time period. In order to balance these two controversial 

aspects, one approach to identify the optimal demand patterns is required in this work. 

In the long-distance product distribution, the manufacturer has a number of 

available delivery alternatives in shipping the products, such as to deliver products using 

the manufacturer-owned vehicles, through contracted delivery service, and the 

combination of these two alternatives. Cost can be used as an evaluation measure for 

selecting these alternatives. 

1.3 Research Objective 

The objective of this research is to introduce an intelligent scheduling approach for 

improving the quality and efficiency of product distribution scheduling considering real 

world constraints. In delivery scheduling, resources, including drivers and vehicles, are 

allocated to deliver required products to customer sites, while satisfying the goals 

including the minimum numbers of drivers and vehicles, the minimum numbers of loads 

for the drivers, and the minimum working hours for these drivers. 

According to the discussion given in Section 1.2, the objectives of this research are 

summarized into the following aspects for short-distance distribution scheduling and 

long-distance distribution scheduling, respectively. 

1. The research objectives for short-distance product distribution scheduling: 

(1) A method to determine the optimal delivery sequence considering a large number of 

delivery tasks is needed. 

The heuristic search approach can be used for solving delivery scheduling problems. 

However, when the number of delivery tasks is large, identification of delivery 

sequence becomes a typical NP-hard problem, therefore being impossible to be 

solved using the conventional heuristic search approach. One method to identify the 

optimal delivery sequence considering a large number of delivery tasks should be 

developed in this research. 
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(2) A method to obtain the optimal load clusters f o r a driver considering vehicle capacity 

constraints is required. 

For delivery scheduling problems, most of researchers focused on achieving the 

optimal delivery sequence of tasks in one load. When tasks cannot be delivered using 

one load, the delivery tasks are first classified into several load groups. A good load 

group classification can reduce total travelling distance and travelling time. So one 

method to identify the optimal load group classification considering vehicle capacity 

constraint is required. 

(3) A method to achieve the optimal driver clusters considering the constraints of 

working hours and balance of drivers' working hours is needed. 

When delivery tasks cannot be completed by one driver, the delivery tasks are first 

classified into several driver groups. Two requirements are considered in this case. 

One is to satisfy working hour constraints and one is to balance the working hours of 

relevant drivers. A good driver group classification method can meet the constraints 

of working hours and balance the working hours of these drivers. So one method to 

obtain the optimal driver group classification is required in this project. 

2. The research objectives for long-distance product distribution scheduling: 

(J) A method to identify delivery demand patterns is needed. 

In the long-distance delivery scheduling, one large area is usually classified into some 

zones. Zone classification is achieved based on delivery demands. Due to the change 

in delivery demands over time, the zone classification should be changed when 

delivery demands change. On the other hand, the zone classification should remain 

the same during a certain time period to identify delivery dates easily. To balance 

these two controversial aspects, one approach to identify the optimal delivery demand 

patterns should be introduced in this project. 
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(2) A method to create delivery zones is required. 

In the long-distance delivery scheduling, the large area is first divided into zones. 

Zone classification is achieved based on delivery demands such as locations and 

volumes. A good zone classification method can reduce the total travelling distance 

and travelling time. Therefore a method to obtain the optimal zone classification is 

required. 

(3) A method to identify the optimal schedule is needed. 

According to the classification of delivery zones, the delivery tasks are classified into 

zone groups according to their locations and the centers of delivery zones. When the 

volume of these tasks in one zone group is less than the vehicle capacity, the long

distance scheduling is to identify the optimal delivery sequence within one load as 

discussed in the short-distance delivery scheduling. When the volume of these tasks is 

larger than the vehicle capacity, the delivery tasks are classified into groups delivered 

by manufacturer-owned vehicles and by delivery companies. A good schedule can 

reduce the total delivery cost. Therefore one method to obtain the optimal product 

distribution schedule to minimize delivery cost is required. 

1.4 Organization of This Thesis 

This thesis consists of seven chapters and is organized as follows: 

Chapter Two describes the background of this research in details. Section 2.1 gives 

the literature survey on conventional scheduling, intelligent scheduling, and product 

distribution scheduling. The relevant technologies used in this research, including 

heuristic search, fuzzy c-means clustering method, genetic algorithm, and an object-

oriented programming language: Visualworks/Smalltalk, are introduced in Section 2.2. 

Chapter Three describes the functional requirements for the intelligent product 

distribution scheduling system and gives the architecture of this system. 

Chapter Four focuses on the short-distance product distribution scheduling. In section 

4.1, a short-distance distribution scheduling approach is proposed. Section 4.2 presents 



8 

the short-distance delivery scheduling considering one driver and one load. An approach 

to determine the optimal delivery sequence of tasks in one load is introduced in this 

section. Section 4.3 gives the short-distance delivery scheduling considering one driver 

and multiple loads. An approach to determine the load group classification considering 

the vehicle capacity constraints is introduced in this section. Section 4.4 discusses the 

short-distance delivery scheduling considering multiple drivers and multiple loads. An 

approach to determine the driver group classification considering the working hour 

constraints and balancing of drivers' working hours is described in this section. Some 

extended examples are provided in Section 4.5. Section 4.6 summarizes the short-

distance product distribution scheduling approach introduced in this chapter. 

Chapter Five focuses on the long-distance product distribution scheduling. In Section 

5.1, a long-distance product distribution scheduling approach is proposed. Section 5.2 

describes the classification of delivery demand patterns according to the past delivery 

records. Section 5.3 introduces the approach of delivery zone creation. Section 5.4 

proposes the approaches of zone-based delivery scheduling. Section 5.5 summarizes the 

long-distance product distribution scheduling approach introduced in this chapter. 

Chapter Six discusses the issues for implementation of the intelligent product 

distribution scheduling system. 

Chapter Seven gives conclusions of this work. The future directions of this research 

are also discussed in this chapter. 
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C h a p t e r 2 

R e s e a r c h B a c k g r o u n d 

This chapter describes the background of the product distribution scheduling in details. 

Section 2.1 surveys literatures on the industrial scheduling and product distribution 

scheduling conducted using conventional and intelligent approaches. Several 

technologies used in this research, including heuristic search, fuzzy c-means clustering 

method, genetic algorithm, and an object-oriented programming language: 

Visualworks/Smalltalk, are introduced in Section 2.2. 

2.1 Literature Survey 

Scheduling has gathered much interest from both academia and industries in 

manufacturing, distribution, transportation, engineering maintenance, entertainment 

production, and construction over the last three decades. The traditional scheduling 

researches mainly focus on developing methods and algorithms to achieve certain goal 

without considering complex real world constraints. With the advances in computer 

technologies, it has become possible to develop effective scheduling systems to address 

the real industrial scheduling problems. According to the survey on existing scheduling 

researches, intelligent scheduling approach has emerged as a promising technique to be 

used for scheduling [Zweben 94; Parunak 96]. 
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2.1.1 R e s e a r c h on S c h e d u l i n g 

Traditionally, scheduling researches focused on developing methods and algorithms such 

as Networks, Critical Path Method (CPM), Performance Evaluation and Review 

Technique (PERT), Precedence Diagram, etc. for generating the sequence to complete 

required tasks [Muth 63; Conway 67; O'Brien 69]. 

In each of these early scheduling approaches, an optimal schedule was generally 

generated to achieve the desired goal. The sequence and timing parameters of tasks and 

allocation of resources to these tasks were achieved using pre-defined rules. 

The early research highly simplified scheduling problems encountered in practice. 

• Problems dealt with by the early scheduling approaches were often restricted to 

small numbers of tasks and resources, due to the NP-hard or computation 

intractable nature of scheduling problems. In the real world, these numbers are 

significantly large, and it takes considerable computation efforts to achieve the 

optimal result. 

• The complex real world constraints were not considered in early scheduling 

researches. In real world scheduling problems, constraints such as resource 

limitations, precedence relationships among activities, due dates, etc. should be 

considered. 

• The dynamic nature of real industrial scheduling problems is not considered 

sufficiently in early scheduling approaches. In real world scheduling problems, 

orders are received continuously, demand levels change frequently, and assigned 

resources may not be used for the required tasks if disturbance events, such as 

machine breakdown and worker absence, happen to these resources. 

Intelligent scheduling approaches solve scheduling problems using artificial 

intelligence (AI) techniques. Typically intelligent scheduling methods depict a scheduling 

problem as a process of finding a solution to satisfy a large number and variety of 

constraints. Artificial intelligence is used to represent these constraints, to integrate 



1 i 

constraints into a scheduling process, to relax constraints when a conflict occurs, and to 

diagnose poor solutions to the scheduling problem [Rodammer 88]. 

At early stage of the intelligent scheduling research, most of the works focused on 

solving the combinatorial problems such as the famous travelling salesman problem 

using Al-based state space search approaches [Bellmore 68; Winston 92]. At this stage, a 

scheduling problem was usually formulated to identify the optimal sequence of the 

selected tasks without considering complex constraints. 

The research on intelligent scheduling for solving scheduling problems considering 

real world constraints was initiated by Fox et al . [Fox 83; Fox 89]. In their research, 

search technique was used to identify the feasible and the optimal schedules, and 

constraints were used for guiding the search direction. Since then, many researches on 

intelligent scheduling have been carried out. 

The methodologies of intelligent scheduling are classified into two categories: 

constructive approach and repair approach. The constructive approach achieves a 

complete schedule gradually from a partial schedule using constraints as guidance [Fox 

83; Fox 89]. The repair approach, on the other hand, starts with a complete schedule and 

modifies it iteratively towards the optimal solution [Morris 90; Zweben 93]. Several AI 

techniques have been employed for these two intelligent scheduling approaches. These 

techniques include search techniques (heuristic search, neighborhood search, tabu search, 

and simulated annealing search), genetic algorithm, and neural networks [Artiba 97; 

Jawahar 98; Toure 93]. 

Fox et al developed a constructive constraint-directed search scheduling system ISIS, 

which is the first constraint-based scheduling system. The search in ISIS is conducted at 

three levels: order selection, resource analysis, and resource assignment. Search at each 

level is composed of three phases: a pre-search analysis phase that constructs the 

problem, a search phase that solves the problem, and a post-search analysis phase that 

determines the acceptability of the solution. In each phase, ISIS uses constraints to 

intelligently generate, filter, and quantitatively score search states [Fox 83; Fox 89]. 
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Smith developed a reactive scheduling system OPIS, which introduced an approach 

for opportunistic selection of scheduling methods. Using blackboard-based control 

architecture, OPIS can identify bottleneck resource and switch from an order perspective 

scheduling to resource perspective scheduling. This system combines a modeling 

framework suitable for capturing essential operational constraints and objectives with a 

blackboard-based control architecture to provide a general infrastructure for constraint-

based scheduling methods and strategies [Smith 87; Smith 89]. 

Le Pape developed a constraint propagation scheduling approach, which enables the 

problem-solver to decompose a problem without neglecting interactions between sub-

problems, determine which problems are the most constrained, and focus these problems 

accordingly. The constraint propagation approach derives new constraints from existing 

constraints and detects inconsistencies among several types of constraints. This approach 

relies on a macro-opportunistic approach that allows the selection and adaptation of the 

behavior of macro scheduling with respect to the situation at hand [Le Pape 91; Le Pape 

92a; Le Pape 92b]. 

Sadeh introduced a micro-opportunistic scheduling approach. In this approach, the 

Micro-Boss takes a microscopic view of opportunism by iteratively selecting and 

scheduling one activity at a time. Micro-Boss focuses its search by evaluating structure of 

the constraint graph. Resource contention is continuously monitored during the 

construction of schedule and the problem solving effort is constantly redirected toward 

the most serious bottleneck resource [Sadeh 93]. 

Zweben developed a repair approach that combines the use of constraints with a 

repair-based search. This approach exploits knowledge of constraints in the repair process 

to converge the solution to near-optimal schedules. This approach solves constraint-

violation problems through local repairs in the iterative repair loop. At the end of each 

iteration, the system re-evaluates the cost function to determine whether the new schedule 

resulting from the repairs is better than the existing schedule and selects the best solution 

[Zweben 93]. 
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Johnston developed another repair-based method that uses look-ahead search 

approach instead of using heuristic constraints to guide the repair process. This heuristic 

method, named MIN-CONFLICTS, is widely applicable and performs remarkably well 

on large-scale problems. This approach can be used for solving over-constrained 

problems and rescheduling problems in a natural manner [Johnson 90]. 

Miyashita developed an approach that combines case-based reasoning, constructive 

methods, and repair methods. In this approach, case-based reasoning is used to further 

optimize schedules derived by the Micro-Boss scheduling method. This approach uses 

cases to modify the problem constraints thereby forcing the scheduler to generate a new 

solution in the direction suggested by the case [Miyashita 95]. 

Recently, many researchers focus on developing agent-based scheduling methods, 

such as dynamic distributed planning and scheduling approach for cellular flexible 

manufacturing system [Shaw 87], distributed constrained heuristic search approach for 

resource allocation in distributed factory [Sycara 91], the architecture for distributed 

dynamic manufacturing scheduling [Bulter 92], the contract net-based heterarchical 

scheduling approach for flexible manufacturing system [Sadd 95], the generic mediator 

architecture for distributed manufacturing scheduling [Maturana 96], and so on. Most of 

the agent-based scheduling approaches are used in manufacturing scheduling due to the 

inherently distributed nature of manufacturing organizations. The detailed discussion 

about agent-based scheduling is beyond the scope of this research. 

2.1.2 Research on Product Distribution Scheduling 

Product distribution scheduling is one important research area in industrial scheduling. In 

this area, most of the researchers focus on solving the famous travelling salesman 

problem at the early stage of this research. 

The famous travelling salesman problem has been known since 1930s, which is of 

how to route a salesman so as to minimize the distance needed to visit a number of cities 

once each and return to the starting point of the trip. The load-planning and vehicle-

routing problems are derived from the travelling salesman problem. Vehicle-routing is to 
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plan journeys for vehicles starting from a single depot, delivering products to specified 

customers, and returning to the depot after completing the journeys. 

Two approaches were generally used for solving this type of problems: optimization-

based search approach and Al-based state space search approach. In the early stage of 

this research, many researchers focused on solving this problem using optimization-based 

search approaches. With the advances in artificial intelligence, many researchers use 

intelligent approach to solve the traveling salesman problem. 

Dantzig, Flood, Clarke and Wright developed the saving methods, which formed the 

basis of most vehicle routing programs in the early stage [Dantzig 54; Flood 55; Clarke 

64]. These methods involve the building of routes by aggregating points into pairs, then 

aggregating pairs with other pairs, and so on to form the optimal or near-optimum tour 

considering the saving of mileage. 

Altinkemer and Gavish developed a parallel saving algorithm for generating the 

optimal solution of delivery problem [Altinkemer 91]. This algorithm combines the 

saving approach with matching based procedures. In the parallel saving algorithm, the 

building of routes is completed through iteratively merging multiple clusters of nodes 

into one new cluster. The number of clusters merged in each iteration is determined by 

solving the matching problem, which maximizes the savings obtained in the present 

iteration. 

Little et al, Gavish et al, and Fischetti et al. focused on using Branch-and-Bound 

algorithms to solve travelling salesman problem. In these algorithms, the set of all 

feasible tours (solutions) is divided into subsets. For each subset a lower bound is 

calculated based on the length of the best tour in this subset, which is used to guide the 

further partitioning of the subsets. An optimal tour is eventually identified when a subset, 

which contains a single tour whose cost is less than or equal to the lower bounds for all 

other subsets, is found. The partitioning process of splitting the set of all tours into 

subsets can be represented by branching the tree. Hence this approach is called the branch 

and bound method [Little 63; Gavish 86; Fischetti 94]. 



15 

Noon and Bean developed a Lagrangian based approach for the travelling salesman 

problem, which consists of problem bounding, arc/node elimination, and branch-and-

bound enumeration [Noon 91]. This approach employs Lagrangian relaxation to compute 

a lower bound on the total cost of an optimal solution. The lower bound and a 

heuristically determined upper bound are used to identify and remove non-optimal nodes 

and arcs, which are guaranteed not to be in an optimal solution. With the problem well-

bounded and reduced in size, the branch-and-bound procedure is used to obtain the 

optimal solution. 

With the advances in artificial intelligence, many researchers use intelligent approach 

to solve the traveling salesman problem. The Al-based state space search approaches 

include heuristic search, neighborhood search, simulated annealing, and tabu search. 

Many researchers focused on using the heuristic search approach to solve the 

travelling salesman problem. Heuristic search is a method to aim at achieving the optimal 

solution and reducing search space. The heuristics can be evaluated based on its running 

time and the quality of tours it produced. The four typical heuristic measures for tour 

construction in travelling salesman problem are Nearest Neighbor heuristic [Rosenkrantz 

77], Clark-Wright saving heuristic [Frieze 79], Christofides heuristic [Christofides 76], 

and Greedy heuristic [Bentley 75]. 

Thompson et al, and Zweig developed neighborhood search algorithms for vehicle 

routing and scheduling problems [Thompson 93; Zweig 95]. The neighbor of a tour is 

defined as the tour that is produced by breaking the initial tour into two closed subtours. 

The optimal tour is achieved by breaking initial tour to subtours, rejoining the subtours in 

a new configuration, and finally performing local optimization around all the changed 

connections among nodes. 

Tabu search is one search process that can be used to avoid the solution to stick up at 

a local optimal point. This approach explores part of the solution space by moving to the 

best neighbor of the current solution in each iteration. To avoid cycling, solutions that 

were recently considered are made inaccessible (or tabu) for a number of iterations. Many 
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researchers use tabu search to solve the travelling salesman problem [Rossier 86; Glover 

91; Gendreau 96]. 

The simulated annealing is one search technique, which is inspired by the physical 

process of annealing in metals. The simulated annealing approach relies on the random 

search to achieve optimal solution. It examines neighbors in random order, and moves to 

next neighbor, which provides a better evaluation measure or passes a randomized test. 

Kirkpatrick et al and Cerny used this approach to solve the travelling salesman problem. 

In their approaches, one random configuration is initialized first and new one is 

constructed by imposing a random displacement such as switching the order of two 

visited cities. One new configuration is updated when the cost of the new state is less 

than the previous one [Kirkpatrick 83; Cerny 85]. 

Some disadvantages exist in the above optimization-based search approaches and A l -

based state space search approaches. These disadvantages are summarized as follows: 

• Problems dealt with by the above product distribution scheduling approaches 

were often restricted to small numbers of delivery tasks (customers or cities). In 

the real world, these numbers are significantly large and it needs considerable 

computation efforts to achieve the optimal result. Due to such NP-hard nature of 

real product distribution problems, it becomes prohibitively time consuming to 

achieve the optimal solution. 

• The above approaches focus on achieving the optimal sequence considering only 

one delivery load. The task clustering to form load groups and driver groups 

considering the constraints of vehicle capacities and constraints of working hours 

of the driver have not been considered. 

• The above approaches have not considered the real life complexity of product 

distribution problems sufficiently. In real life product distribution scheduling, 

delivery zone classification and delivery frequency measures for these zones need 

to be generated first before the delivery scheduling and vehicle routing. In 
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addition, a number of available delivery alternatives need to be considered to get 

the optimal schedule based on their cost measures. 

2.2 Relevant Technologies 

In the developed product distribution scheduling system, the heuristic search approach is 

used to determine the optimal delivery sequence of tasks within one delivery load. The 

fuzzy c-means clustering method is used to classify the delivery tasks into driver groups 

and load groups. The fuzzy c-means clustering method is also used to identify the 

delivery demand patterns and delivery zones. The genetic algorithm is used to obtain the 

optimal schedule from all possible alternatives in zone-based scheduling. The system has 

been implemented using Visualworks/Smalltalk, an object-oriented programming 

language. 

2.2.1 Heuristic Search Techniques 

Artificial intelligence (AI) is the design of computer programs that behave intelligently 

[Dean 95]. A well-developed area of AI is the state space search. 

The state space search, or simply search, is used to identify a solution from a start 

state to a goal state through a series of intermediate states. Each state represents the status 

of the real world at a certain problem solving stage [Xue 98]. In the example shown in 

Figure 2.1 (a), the search objective is to find the path from the start city S to the goal city 

G. The start state and goal state are the locations of 5 and G respectively. A search 

process is conducted by exploring the possible state change through developing a tree of 

nodes, called search tree, in which each node represents a problem state and each arc 

represents a relationship between the two states represented by the nodes it connects, as 

shown in Fig. 2.1 (b). 

The search methods are classified into two categories: search methods without 

heuristic functions and search methods with heuristic functions. The depth-first search 

and breadth-first search belong to the first category. The best-first search and the beam 

search belong to the second category. 
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Figure 2.1: Search Problem and Search Space 

The depth-first search and the breadth-first search methods aim at identifying a 

feasible solution, which is not necessarily the optimal one. The quality of search can be 

improved by introducing heuristic search. Heuristic search is a method to achieve the 

optimal solution and reduce search space. In best-first search algorithm, each time the 

best node is selected for generating its sub-nodes. This process is carried out continuously 

until the selected node is the goal node. The path found by the best-first search is a global 

optimum, because best-first search always moves forward from the node that has the best 

measurement of heuristic function. The best-first search algorithm identifies the optimal 

solution in a way shown in Figure 2.2 (a). 

Beam search is a modified best-first search to improve search efficiency. In the beam 

search, the number of nodes at one level of the search tree is limited by a pre-defined 
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value, called beam width. When the number of nodes at a certain level of the search tree 

exceeds the pre-defined number, the nodes with poor evaluation measures should be cut 

off from the search tree. Figure 2.2 (b) illustrates how beam search handles the search 

problem shown in Figure 2.1 (a). In this example, the beam width is selected as 2. The 

number of generated nodes has been reduced from 22 to 14 to achieve the result. The 

beam search risks falling into a local optimum caused by cutting off the nodes that lead to 

the global optimum. However, due to its efficiency and comparatively good quality, the 

beam search is often adopted for solving real life engineering problems. Therefore, in 

this research, the beam search is used to evaluate the optimal product distribution 

schedule. 

Denotes the path S>D>E>F>G 

(a) Best-first search 

Denotes the path S>D>E>F>G -/ 

(b) Beam search 

Figure 2.2: Best-first Search and Beam Search 
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2.2.2 Fuz z y C-Means C l u s t e r i n g Method 

The fuzzy c-means clustering method is an AI approach to classify data into groups 

according to the similarity among these data [Bezdek 81]. This approach is widely used 

for pattern recognition and classification. 

In the fuzzy set theory, the relationship between an element and a set is described by 

a fuzzy membership measure, which can be any value between 0 and 1 depending on how 

much the element is related to the set rather than a simple in or out relation as in the 

classical set theory. 

To apply the fuzzy c-means clustering method, each data is first described by a p-

dimensional vector 

where n is the total number of the considered data. 

Suppose the cluster number is c, a total of c clusters can be generated using the fuzzy 

c-means clustering algorithm through the following 4 steps: 

1. Initialize the membership /ty of Dj for cluster i (i=l,2,.,.,c) using a random number 

D,=(D,„D;2,-",D;/J, (j = l,2 ,- ,n) (2.1) 

such that 

=1, 0' = U n) (2.2) 

2. Compute the fuzzy centroid vector V, for i =1,2, • • -,c using 

v, = (2.3) 

E w 

where the fuzziness index m is a real number greater than 1. 

3. Update the fuzzy membership by 
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d \ D r V t ) 
(2.4) 

\ ( — ) 
\ m-l 

i = l / 2 ( ^ , v , ) 

where 

(2.5) 

4. Calculate 

^ = I I ( ^ ) m r f 2 ( ^ . v ; . ) (2.6) 

1=1 y=l 

Steps 2, 3, and 4 are repeated continuously until the value of Jm reaches a minimum. 

The fuzzy c-means clustering method always converges to a strict minima of Jm although 

different initial values may lead to a different local minimum. 

O The data need to be clustered 

• The fuzzy centroid vector 

The number of clusters c=3 

(Vy: The Centroid Vector of i-th Cluster in j-th Iteration) 

Figure 2.3: The Fuzzy C-means Clustering Method 
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An example of using the fuzzy c-means clustering method is illustrated in Figure 2.3. 

In this example, the 15 data are required to be classified into three groups. 

First the memberships fiy of Dj for cluster i (i=],2,3) are initialized randomly. Then 

the fuzzy centroid vectors V,for i -1,2,3 are computed and the fuzzy memberships fly are 

updated using the calculated centroid vectors V). Finally, the Jm is calculated to evaluate 

the convergence. The above process is repeated iteratively until the value of Jm reaches a 

minimum. The clustering process is illustrated in Table 2.1. 

Table 2.1 The Convergence of Fuzzy C-means Clustering Method 

Iteration 

No. 

Fuzzy Centroid Vector 
•J in 

Iteration 

No. 
V I V2 V3 

•J in 

1 (-2.2306,-19.254) (-0.7028,-17.8331) (0.0174,-13.9483) 641.10 

2 (-3.4174, -20.5384) (1.2754,-18.757) (0.9008,-10.6908) 526.85 

3 (-6.9619, -22.0079) (6.4407, -21.4491) (0.1332,-7.1576) 172.90 

4 (-9.6906, -22.362) (9.6862, -22.3295) (-0.3909, -5.5467) 66.07 

5 (-9.9066, -22.4121) (9.9059, -22.41) (-0.4082, -5.4127) 65.46 

6 (-9.9176, -22.4172) (9.9167,-22.4162) (-0.4071, -5.4073) 65.46 

2.2.3 G e n e t i c A l g o r i t h m 

Genetic algorithms are adaptive methods based on the mechanics of genetics and nature 

selection. Since genetic algorithm selects a number of solutions (chromosomes) to 

conduct parallel search, it can reduce the chance of being trapped into a local optimum. 

In addition, genetic algorithm uses probabilistic transition rules (crossover and mutation) 

rather than the deterministic transition rules to improve the quality of solution [Holland 

75; Goldberg 89]. 

In most genetic algorithm schemes, a binary chromosome of ones and zeros is used to 

describe a solution, which usually represents a set of optimization variables. In general, a 

number of chromosomes, called a generation of populations, are used for representing 
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multiple optimization variable sets at a certain optimization search stage. The generation 

evolves towards its optimal form, as illustrated in Figure 2.4. 

(556) 

1 0 0 . . . 1 

(533) 
1 0 1 0 

1 0 0 . . . 0 1 0 1 1 

(533 ) (428) 

1 0 1 0 |1|0 1 1 

• = > I = > . 
(775) (653) (428) 

] 1 1 1 1 0 1 1 

(766) (684) 
0 0 1 0 0 0 1 1 

1 0 1 1 

(428) 
1 0 1 1 

Generation 1 Generation 2 Generation n 

(n) Evaluation Measure 

Figure 2.4: Evolution of Chromosomes in Genetic Algorithm 

Genetic algorithm based optimization search starts with initializing the first 

generation of chromosomes. Three operators, reproduction, crossover, and mutation, are 

used to evolve the populations of chromosomes. 

• Reproduction 

Reproduction operator allows the chromosomes with better evaluation measures to 

produce more descendant chromosomes in the next generation, thus the chromosomes 

with poor evaluation measures may extinct in the evolution process. The total number of 

chromosomes in one generation remains the same. 

The method to select individuals for reproduction is chosen depending on the 

problem. Two general strategies include the roulette wheel selection and picking up 

individuals that have better performance measures than average. In the second strategy, 

the number that the i-th chromosome should be duplicated in the next generation is 

calculated using 

INT (i = l,2 ,",n) (2.7) 
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where F, is the fitness function, F is calculated by 

n/7 

F = X — (2-8) 
M n 

where n is the number of chromosomes in one generation, INT[] is a function to convert a 

real number into its nearest integer number. If the total number of chromosomes in the 

next generation is less than the population of one generation, the chromosome with the 

best evaluation value in the previous generation should be used to duplicate more 

chromosomes in the next generation to keep the population number constant. 

• Crossover 

Crossover operator is used to pick up two chromosomes with a specific crossover 

probability, split these two chromosomes at a random location, and join the first part of 

one chromosome with the second part of another chromosome. The probability of 

crossover is described as Pcrossover (Pcrossover^[0,l]). The number of crossover operations, 

ficmssover, is calculated using 

ĉrossover ~ INT[ 0.5tl • Pcrossover ] (2.9) 

Selection of two chromosomes is conducted randomly. Location of crossover, 

Icwssover, is calculated by 

I crossover = INT[g • Prandom] (2.10) 

where g is the bit length of the chromosome, and Prandom 1S a random number between 0 

and 1. 

Crossover operation is carried out by splitting the two selected chromosomes at the 

calculated location and joining the first part of one chromosome with the second part of 

another chromosome. If one of the generated chromosome has no corresponding solution, 

the result generated by crossover operation should be discarded, and a new crossover 

operation is required. This process is carried out continuously until both of the generated 

chromosomes have corresponding solutions. 
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• Mutation 

Mutation operator is used to pick up a chromosome with a specific mutation 

probability, select a location randomly, and change its code. The number of mutation 

operations is calculated by 

where F'mutation is the mutation probability selected between 0 and 1. The mutation 

operation is conducted by randomly selecting a chromosome and a position in this 

chromosome, and changing the bit value from zero to one or vise versa. If the new 

chromosome doesn't have corresponding solution, mutation operation should be carried 

out again. 

The search stops when the maximum number of generations is reached or the 

stopping criteria are satisfied. 

The following example is used to illustrate the search process of genetic algorithm. 

This example is to obtain the maximum value of f(x), where f(x) = x2 (x is an integer 

between 0 and 31). In this example, a 5-byte chromosome is used to represent a solution. 

In the first generation, 4 chromosomes are generated randomly to represent 4 solutions. 

The reproduction, crossover, and mutation operators are illustrated in Tables 2.2, Table 

2.3, and Table 2.4 [Goldberg 89]. 

Table 2.2 Reproduction 

Chromosome 

No. 

Initial 

Population 

X 

Value 
f(x)=x2 

f i 

X/ 

Expected 

Count 

Actual 

Count 

1 01101 13 169 0.14 0.58 1 

2 11000 24 576 0.49 1.97 2 

3 01000 8 64 0.06 0.22 0 

4 10011 19 361 0.31 1.23 1 

Sum 1170 1.00 4.00 4 

Average 293 0.25 1.00 1 

Max 576 0.49 1.97 2 
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Table 2.3 Crossover 

Chromosome 

No. 
Population Mate 

Crossover 

Site 

New 

Population 
x Value f(x) 

1 o n o l i 2 4 01100 12 144 

2 no o l o 1 4 11001 25 625 

3 n l o o o 4 2 11011 27 729 

4 l o l o n 3 2 10000 16 256 

Sum 1754 

Average 439 

Max 729 

Table 2.4 Mutation 

Chromosome 

No. 
Population 

New 

Population 
x Value f(x) 

1 01100 11100 28 784 

2 11001 11001 25 625 

3 11011 11011 27 729 

4 10000 10000 16 256 

Sum 2394 

Average 598.5 

Max 784 

In the reproduction operation as illustrated in Table 2.2, the number of the generated 

descendants from the initial population is based on the performance. Chromosome 3 will 

extinct in the next generation due to its bad performance. Chromosome 2 produces more 

descendant chromosomes in the next generation because of its better evaluation 

measures. 

In the crossover operation as illustrated in Table 2.3, the PCrossoveris assumed as 1.0, so 

the number of crossover operations is 2. Selection of two chromosomes and the location 
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of crossover are selected randomly. For example chromosome 1 and 2 are selected to 

make crossover at location 4, and chromosome 3 and 4 are selected to make crossover at 

location 2. The total performance of the generated population is better than the previous 

generation, the Sum, Average, and Max increase from 1170 to 1754, 293 to 439, and 576 

to 729 respectively. 

In the mutation operation as illustrated in Table 2.4, the Pmutation is assumed as 0.05, so 

the number of mutation operations is 1. Selection of the chromosome and the location of 

mutation are selected randomly. For example chromosome 1 is selected and makes 

mutation at location 1, so the byte value at location 1 in this chromosome is changed 

from 0 to 1. The total performance of the generated population is better than the previous 

generation, the Sum, Average, and Max increase from 1754 to 2394, 439 to 598.5, and 

729 to 784 respectively. 

The parameters of population size, mutation rate, and crossover rate have a marked 

effect on the performance of genetic algorithm. Large populations lead to a better 

performance because large populations may incorporate more diversities. The mutation 

operation changes the search direction to the search space, which would otherwise not be 

explored. Too high a mutation rate causes the inherent properties of genetic algorithm 

lost. The crossover operation makes the populations move toward to uniformity and the 

crossover rate is always between 0.6 and 1.0. 

2.2.4 An Object-Oriented Programming Language: Visualworks/Smalltalk 

Object-oriented programming (OOP) is a method of software implementation in which 

programs are organized as cooperative collections of objects. The OOP offers a new and 

powerful mechanism for writing computer software and speeds the development of new 

programs. This method can improve the maintenance, reusability, and modifiability of 

software. [Booch 94]. 

The four fundamental concepts in object-oriented programming are discussed below: 
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• Abstraction 

Abstraction represents the essential characteristic of an object that distinguishes 

itself from all other kinds of objects, thus providing crisply defined boundaries. 

Abstraction is implemented by introducing classes and instances in OOP. For 

example, concept of shaft can be represented by a class, while specific shaft can 

be described by an instance. 

• Encapsulation 

Encapsulation is the property that the inside (implementation) details of an object 

are kept private from the outside world. An object can access to another object 

through message passing. This is a very useful property in developing large 

systems due to its high modularity characteristic. 

• Inheritance 

In the OOP paradigm, classes are organized in a hierarchical structure. The sub

class can inherit all the existing description in a class, and therefore, all the 

behavior of the original class. For instance, if class Gear is a super-class for 

classes SpurGear and HelicalGear, all the characteristics of Gear can be inherited 

by SpurGear and HelicalGear. 

• Polymorphism 

Polymorphism is a mechanism to respond to the same message for many different 

objects. For instance, the function volume can be defined in each of the classes of 

Cube, Cylinder, and Sphere. If the volume method is sent to an object, a cube, a 

cylinder or a sphere, volume is calculated depending on the class type of the 

object. 

Smalltalk is a pure object-oriented language. It uses run-time binding, which means 

that nothing about the type of an object need be known before a Smalltalk program is run. 

This language was developed at Xerox Palo Alto Research Center (PARC) in 1970's and 

early 1980's. Its first commercial version, Smalltalk-80, is one of the pioneer OOP 
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languages [Goldberg 80]. Smalltalk-80 is also the first language to introduce windows 

programming, an interactive interface approach. [Hopkins 95; Sharp 97]. 

Generally, Smalltalk language has the following major features: 

• Class and instance 

Classes are generic abstractions of a set of objects with similar characteristics, 

attributes and behaviors. An instance is an individual object created using a class 

as the template. 

• Class variables, instance variables, and pool variables 

A class has three kinds of variables: class variables, instance variables, and pool 

variables. The class variables are shared by all instances of the class. The instance 

variables are specific only to a particular instance. Pool variables are shared by a 

number of classes and their instances. 

• Class method and instance method 

The functions of classes are defined as class methods and instance methods. 

Classes methods are the operations that can be understood by the class. Instance 

methods are the operations that can be understood by the instance. 

In this research, one version of Smalltalk, VisualWorks 2.5, has been used for 

implementing the intelligent product distribution scheduling system. Smalltalk provides a 

user-friendly interface environment and a rich library of classes. New classes can be 

derived from the existing classes in the same environment. The weaknesses of this 

language are slow computation speed, large memory requirement, and high price of 

software package. 

From the past experience, it was found that it takes much less time to develop a 

system using Smalltalk than using other OOP languages such as C++ or Java. Therefore, 

Smalltalk is an excellent tool for developing research oriented software prototype 

systems. 
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C h a p t e r 3 

A n I n t e l l i g e n t P r o d u c t D i s t r i b u t i o n S c h e d u l i n g S y s t e m 

In this chapter, an intelligent product distribution scheduling system is proposed to solve 

the problems listed in Chapter 1 and Chapter 2. In Section 3.1, the functional 

requirements are identified f or the intelligent product distribution scheduling system. 

Section 3.2 gives an overview of each module in this system, including short-distance 

product distribution scheduling module and long-distance product distribution 

scheduling module. 

3.1 System Functional Requirements 

In this section, the functional requirements are identified for the intelligent product 

distribution scheduling system, which include the functional requirements of short-

distance product distribution scheduling and functional requirements of long-distance 

product distribution scheduling. 

This work is for an industry project that was launched in 1997 to improve the 

efficiency of product development for Gienow Building Products Ltd. Gienow Building 

Products Ltd. is a manufacturing company for producing building products of windows 

and doors. The project consists of three phases for developing (1) feature-based 

intelligent design system, (2) intelligent production scheduling system, and (3) intelligent 

product distribution scheduling system respectively. 
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This work focuses on the third phase to develop an intelligent product distribution 

scheduling system for improving the quality and efficiency of delivery scheduling 

considering due date of delivery tasks and constraints of persons and facilities. The 

functional requirements for intelligent product distribution scheduling system include 

delivery task modeling, person resource (driver) and facility resource (vehicle) modeling, 

and delivery scheduling modeling. 

The delivery tasks are created according to the requirements from the customers, 

which include the information of customer names, delivery locations, expected due dates, 

amounts of products, etc. The product distribution scheduling system should provide a 

mechanism for modelling and organizing the delivery tasks. 

In a generic product distribution scheduling, a variety of resources including vehicles 

and drivers are used to complete the required delivery tasks. Different kinds of 

constraints exist in these resources that must be considered to achieve the optimal 

delivery schedule. For the vehicle resource, the constraints include time constraint that 

specifies the available time periods of the vehicle and capacity constraint that denotes the 

maximum delivering volume or weight of the vehicles. For driver resource, the 

constraints include the available time periods of the driver and permitted maximum 

working hours of the driver in one day. The product distribution scheduling system 

should provide mechanism for modeling the resources and representing the different 

constraints of these resources. 

An important functional requirement of the product distribution scheduling system is 

to assign the available resources (persons and vehicles) and time parameters to the 

delivery tasks. These assignments must meet the requirements of the due dates of 

delivery tasks and the constraints of the resources. 

In this project, the product distribution scheduling is classified into two categories 

based on delivery locations: short-distance product distribution scheduling and long

distance product distribution scheduling. The functional requirements of the short-
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distance product distribution scheduling and long-distance product distribution 

scheduling are described below. 

(1) Functional Requirements for Short-distance Product Distribution Scheduling 

In short-distance product distribution scheduling, one requirement for product 

distribution scheduling is to identify the optimal delivery sequence of tasks within 

one load. This optimal delivery sequence of tasks can reduce the travelling time and 

travelling distance, thus to reduce the delivery cost. 

When the delivery requirement exceeds the vehicle's capacity, multiple loads are 

required to complete the delivery tasks. The scheduling system should identify the 

optimal load group classification. This optimal load group classification can reduce 

the total travelling distance and travelling time. 

When the working hours to complete the delivery tasks exceed the driver's maximum 

working length in one day, multiple drivers are required to complete the delivery 

tasks and one driver is responsible for one or several loads. The scheduling system 

should identify the optimal task classification for driver groups, thus to reduce the 

total working hours and to balance the working hours among all drivers. 

(2) Functional Requirements fo r Long-distance Product Distribution Scheduling 

In long-distance product distribution scheduling, the change in demand intensity 

should be considered sufficiently. The required resources including persons and 

facilities should be changed with the varying in demand intensity. The delivery zones 

and the related frequencies for these zones should be changed with the demand 

change also. In order to conduct the long-distance product distribution scheduling, the 

demand intensity is first classified into patterns. The product distribution scheduling 

system should identify the optimal classification of the demand patterns. 

In the long-distance product distribution scheduling, a large area is divided into some 

small regions, called zones, according to demand intensities from these zones. One 

driver works for a certain zone, so the driver can become thorough knowledgeable on 

the roads. Each delivery zone has the fixed delivery frequency, which is obtained 
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according to the demand level in this zone. The product distribution scheduling 

system should identify the optimal zone classification and the delivery frequencies for 

these zones. 

In order to conduct the long-distance product distribution scheduling, first the demand 

pattern that is best-matched with current delivery demand is identified. The zone 

pattern related with the best-matched pattern is used to conduct the long-distance 

product distribution scheduling. The delivery tasks are classified into zone groups 

according to the zone centers and locations of delivery tasks. For each zone group, the 

zone-based scheduling is conducted to assign the available resources and time 

parameters to the delivery tasks. The product distribution scheduling system should 

identify the best-matched pattern and conduct the zone-based scheduling to obtain the 

optimal delivery schedule. 

In the long-distance product distribution, the manufacturer has a number of delivery 

alternatives in shipping the products. These delivery alternatives include shipping 

products through the manufacturer-owned vehicles, through contracted delivery 

service, and through the combination of manufacturer-owned vehicles and contracted 

delivery service. The product distribution scheduling system should identify the 

optimal delivery schedule to minimize the delivery cost considering these delivery 

alternatives. 

To address the generic product distribution scheduling problems described above and 

to emphasize the research motivation introduced in Section 1.2, the system functional 

requirements are identified and summarized as follows: 

1. Providing a mechanism for modeling and organizing the delivery tasks including task 

generation, modification, deletion, and classification. 

2. Providing a mechanism for modeling and organizing the resources including facility 

(vehicles) resources and person (drivers) resources and representing the different 

kinds of constraints existed in these resources. 



3. Conducting the short-distance delivery scheduling to identify the optimal schedule 

considering the objectives of minimizing the number of drivers and loads, minimizing 

the difference of working hours among all drivers, and minimizing the total travelling 

distance. 

4. Conducting the long-distance delivery scheduling to identify the demand patterns, the 

delivery zones, and the optimal zone-based schedule considering the delivery 

alternatives. 

5. Developing a user-graphic-interface (GUI) environment for organizing and 

maintaining delivery tasks and resources, conducting the short-distance delivery 

scheduling and long-distance delivery scheduling, and displaying the scheduling 

result. 

3.2 System Architecture 

To achieve the system functional requirements specified in the previous section, an 

intelligent product distribution scheduling system has been developed in this research. 

The architecture of this system is illustrated in Fig. 3.1, which consists of three modules: 

delivery tasks management module, resource management module, and product 

distribution scheduling module. The resource management module consists of two sub-

modules, vehicle resource management module and driver resource management module. 

The scheduling module consists of a short-distance product distribution scheduling 

module and a long-distance product distribution scheduling module. 

The delivery task management module is used for modeling and organizing the 

delivery tasks. The resource management module is used for modeling the resources 

including facilities (vehicles) and persons (drivers) and representing different kinds of 

constraints of these resources. The scheduling module is used for assigning the available 

resources in resource management module to the delivery tasks in task management 

module to achieve the optimal schedule. The assignment must satisfy the constraints of 

the resources and due dates of delivery tasks. The scheduling module is used to identify 

the optimal schedule based on the artificial intelligence techniques including heuristic 
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search, fuzzy c-means clustering method, and genetic algorithms. In this project, the 

product distribution scheduling is classified into two categories, short-distance product 

distribution scheduling and long-distance product distribution scheduling. The product 

distribution scheduling module should aim at conducting both short-distance scheduling 

function and long-distance scheduling function. So two sub-modules, short-distance 

product distribution scheduling module and long-distance product distribution scheduling 

module are developed in this system. 

Delivery Tasks Management Module 

X L 

Product Distribution Scheduling Module 

Short-distance Scheduling Module 

Multiple Drivers with Multiple Loads 

Long-distance Scheduling Module 

Classification of Demand Patterns 

One Driver with Multiple Loads Creation of Delivery Zones 

One Driver with One Load Zone-based Delivery Scheduling 

n 

Resource Management Module 

Vehicle Resource Management Module Driver Resource Management Module 

Figure 3.1 Architecture of the Intelligent Product Distribution Scheduling System 
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3.2.1 Short-distance P r o d u c t D i s t r i b u t i o n S c h e d u l i n g Module 

In short-distance product distribution scheduling module, the delivery scheduling can be 

classified into three levels. The first level is to identify the optimal sequence of the tasks 

within one load to minimize the traveling distance and traveling time. The second level is 

to determine the load-group classification when the delivery requirement exceeds the 

vehicle's capacity and multiple loads are required to complete the delivery tasks. The 

third level is to achieve the optimal driver-group classification when the working hours to 

complete the delivery tasks exceeds the driver's maximum working length in one day and 

multiple drivers are required to complete the delivery tasks. 

In the first level, product distribution scheduling focuses on identifying the optimal 

sequence and timing parameters of the delivery tasks. Best-first search is employed for 

achieving the optimal delivery schedule. To improve the scheduling efficiency, tasks are 

first classified into groups according to their locations using the fuzzy c-means clustering 

method. Optimal sequences among these groups and optimal sequence of the tasks within 

each group are identified, thus to obtain the optimal sequence of delivery tasks. 

In the second level, product distribution scheduling focuses on classifying the tasks 

into load groups using the fuzzy clustering method and identifying the optimal schedules 

for the tasks in these load groups. If the total volumes of some load groups exceed the 

vehicle capacity (called volume violations), the generated load groups are adjusted and 

some tasks are removed from these groups and added to other groups. Fuzzy membership 

functions are used for selecting tasks to be removed from the load groups that have 

volume violation and the load groups to which these tasks should be added. 

In the third level, product distribution scheduling focuses on classifying tasks into 

driver groups using the fuzzy clustering method and identifying the optimal schedules for 

the tasks in these driver groups. If the total working hours of some driver groups exceed 

the driver's maximum working hours in one day (called working-time violations), these 

driver groups are required to be adjusted and some tasks in these driver groups are moved 

to other driver groups based on the fuzzy membership functions. In addition, balancing of 
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working-hours is also conducted at this level by moving tasks from driver groups with 

longer total working-hours to driver groups with shorter total working-hours. 

3.2.2 Long-distance Product Distribution Scheduling Module 

In long-distance product distribution scheduling module, the scheduling can be classified 

into three levels. The first level is to identify the optimal demand patterns according to 

the past delivery records. The second level is to create the delivery zones and identify the 

delivery frequencies for these zones according to the delivery demands in these patterns. 

The third level is to identify the coming delivery demands and the related delivery zones 

and frequencies of these zones through pattern recognizing approach and obtain the 

optimal zone-based schedule considering the delivery alternatives. 

In first level, the product distribution scheduling focuses on identifying the optimal 

demand patterns according to the past delivery records using the fuzzy clustering method. 

The obtained pattern classifications can be further classified into some sub-patterns and 

results represented in a hierarchical tree structure. Using this hierarchical pattern 

representation structure, the best-matched patterns can be obtained efficiently in the zone-

based scheduling. The delivery demands in the obtained patterns are used to conduct the 

zone classification and to identify the delivery frequencies for these zones in next level. 

In second level, the scheduling focuses on creating the delivery zones for the demand 

patterns obtained in the first level using the fuzzy clustering method. For each demand 

pattern, the zone pattern is identified and the delivery frequencies for these zones are 

calculated based on the demand intensity in these zones. Thus the delivery tasks can be 

classified into zone groups according to their locations and the centers of delivery zones 

and zone-based scheduling is conducted in the next level to obtain the optimal product 

distribution schedule. 

In third level, the scheduling focuses on identifying the coming delivery demands, the 

delivery zones, and delivery frequencies that are best-matched with current delivery 

demand through pattern recognizing approach. The optimal zone-based schedule is 

identified using the artificial intelligence techniques including beam search and genetic 
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algorithm based on the identified delivery zones and delivery frequencies of these zones. 

In this level, the delivery alternatives are considered to achieve the optimal schedule 

based on the delivery cost. 
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C h a p t e r 4 

S h o r t - D i s t a n c e P r o d u c t D i s t r i b u t i o n S c h e d u l i n g 

This chapter presents the short-distance product delivery scheduling mechanism of the 

intelligent product distribution scheduling system. In Section 4.1, a three-level short-

distance product distribution scheduling approach is described. Section 4.2 describes 

algorithm of short-distance product distribution scheduling considering one driver and 

one load. Section 4.3 introduces the short-distance product distribution scheduling 

algorithm considering one driver and multiple loads. Section 4.4 describes the short-

distance product distribution scheduling algorithm considering multiple drivers and 

multiple loads. Some extended examples are provided in Section 4.5. Section 4.6 

summarizes the short-distance product distribution scheduling approach introduced in 

this chapter. 

4.1 A Three-level Short-distance Product Distribution 

S c h e d u l i n g A p p r o a c h 

In this research, short-distance product distribution scheduling is conducted at three 

levels, considering (1) one driver and one load, (2) one driver and multiple loads, and, (3) 

multiple drivers and multiple loads. Delivery scheduling at a higher level is conducted 

based upon the scheduling results obtained at a lower level. 
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Level 1: Short-distance delivery scheduling considering one driver and one load 

Short-distance delivery scheduling at this level focuses on identifying the optimal 

sequence and timing parameters of the required delivery tasks. Best-first search, a 

heuristic search approach to identify the optimal solution based on the heuristic 

function, is employed for obtaining the optimal delivery sequence. Since this search 

process is a typical NP-hard problem [Chapman 87; Garey 79], i.e., when the number 

of tasks is n, the possible search space is n l . To improve the scheduling efficiency, 

tasks are first classified into groups according to their locations using fuzzy c-means 

clustering method [Bezdek 81]. The delivery scheduling at this level is then to 

identify the optimal sequence of these groups and the optimal sequence of the tasks 

within each group. The heuristic function of best-first search in delivery scheduling is 

the total traveling distance. 

Level 2: Short-distance delivery scheduling considering one driver and multiple loads 

When the total volume of required delivery tasks exceeds the capacity of one vehicle, 

multiple loads are then required. Short-distance delivery scheduling at this level 

focuses on classifying the tasks into load groups and identifying the optimal schedule 

for the tasks in each load. First fuzzy c-means clustering method is used to classify all 

the tasks into load groups according to their locations. If the volume of tasks in a load 

exceeds the capacity of the vehicle (called volume violation), tasks in this load are 

then moved to other loads. Fuzzy membership functions of delivery tasks to these 

load groups are used for selecting the tasks to be removed from the load group that 

has the volume violation and the load groups to which these tasks should be added. 

When volume violations in all loads have been removed, scheduling algorithm at 

level 1 is conducted to identify the optimal schedule for the tasks in each load. 

Level 3: Short-distance delivery scheduling considering multiple drivers and multiple 

loads 

When one driver cannot deliver all products to customers due to working-hour 

constraint, multiple drivers are then required to deliver the tasks. Short-distance 

delivery scheduling at this level focuses on classifying tasks into driver groups and 
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identifying the optimal schedule for the tasks in each of these driver groups. First 

fuzzy c-means clustering method is used to classify all the tasks into driver groups 

according to their locations. If the working-hour of a driver group exceeds the 

driver's maximum working-hour constraint (called working-time violation), tasks in 

this driver group are then moved to other driver groups. Fuzzy membership functions 

of tasks to these driver groups are used for selecting the tasks to be removed from the 

driver group that has the working-hour violation and the driver groups to which the 

tasks should be added. In addition, balancing of working-hours is also conducted at 

this delivery scheduling level by moving tasks from driver groups with longer 

working-hours to driver groups with shorter working-hours. When working-time 

violations have been removed and working-hours have been balanced, delivery 

scheduling at level 2 is conducted to identify the optimal schedule of the tasks in each 

driver group. 

4.2 Short-distance Product Distribution Scheduling 

C o n s i d e r i n g O n e D r i v e r a n d O n e L o a d 

Short-distance delivery scheduling at this level focuses on identifying the optimal 

sequence and timing parameters of the selected delivery tasks. Best-first search approach 

[Winston 92] is used for achieving the optimal delivery sequence when the number of 

delivery tasks is not large. Since in generic delivery scheduling problems the number of 

delivery tasks is large, one more efficient search approach, called hierarchical heuristic 

search, is introduced in this research to identify the delivery sequence of tasks. 

In hierarchical heuristic search, the delivery tasks are first classified into groups 

according to their locations. Delivery scheduling is then to identify the optimal sequence 

of these groups and the sequence of the tasks in each of these groups using the best-first 

search. If the number of tasks in one group is still large, these tasks are further classified 

into sub-groups. Fuzzy c-means clustering method is employed to classify the tasks into 

groups and sub-groups. In addition, a method to identify the optimal number of groups 

has also been introduced in this work. 
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4.2.1 Optimal C l a s s i f i c a t i o n of Task G r o u p s 

In hierarchical heuristic search, the delivery tasks are first classified into groups 

according to their locations. The fuzzy c-means clustering method is used to classify the 

delivery tasks into task groups. 

To apply the fuzzy c-means clustering method, location of a task is described by a 2-

dimensional vector 

DJ=(Xj,Yj), (j = \,2,-,n) (4.1) 

where 

n - the total number of the considered tasks; 

Xj, Yj - coordinates of the j-th task. 

The fuzzy c-means clustering algorithm described in Section 2.2.2 is used to generate 

the optimal task groups. Each generated group consists of a set of delivery tasks and has a 

centroid vector. The fuzzy c-means clustering method always converges to strict minima 

of convergence measure although different initial membership values may lead to a 

different local minimum [Bezdek 81]. 

• Task Location 

(a) Group Classification 1 (b) Group Classification 2 (c) Group Classification 3 

Figure 4.1: Classification of Task Groups 

One difficult issue associated with the fuzzy c-means clustering method is the 

identification of the optimal number of groups. An increase of the group number can lead 
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to a more accurate classification of task groups. However a classification with a large 

number of groups also increases the computation efforts exponentially. To balance these 

two controversial aspects, a method for identifying the optimal number of task groups is 

used in this work. 

This optimal group identification approach can be illustrated using an example shown 

in Fig. 4.1. It is apparent that the optimal number of groups can be 3, 4, or 6. Other 

numbers of groups cannot generate representative group classifications. 

To evaluate the quality of the fuzzy classification and to identify the optimal number 

of groups, a new quality evaluation measure of group classification, namely the cluster 

concentration level, was used in this work [Xue 2000]. The measure represents the 

average distance of the data points to their group centers. Suppose the distance between a 

p-dimensional data point, D(y, and its group center, V,, is calculated by 

p 
,2 

dv=d(Dv,V,)> 

where 

c - the group number; 

Nj - the number of data points in the i-th group. 

The cluster concentration level, Dc, is defined as: 

j , ( D l J k - v l k y 

^ ,(i = 1,2,• • •,c; j = 1,2,...,Nt) (4.2) 

c N, _ 

Dc=j±±± (4.3) 
/V 

where 

N - the number of all data points. 

The cluster concentration level, Dc, decreases when the cluster number c increases. 

In order to identify the optimal number of groups, both the classification accuracy and 

computation efficiency should be considered. The relative decrease of cluster 

concentration level, X(DC), is used as the measure to identify the optimal number c*: 
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X(Dc) = — Uc (4.4) 
Dc 

The optimal number of task groups is identified when X(DC) reaches its maximum. 

For the delivery tasks illustrated in Fig. 4.1, the values of Dc and X{DC) with respect to 

different group numbers are given in Table 4.1. The optimal group number is identified 

as 3. 

Table 4.1: Evaluation of Different Group Classification 

Group Number 

c 

Group Concentration 

Level 

Dc 

Level Decrease 

Measure 

D~c-\ -Dc 

Relative Decrease 

Measure 

X(Dc) 

1 11.3207 

2 5.36670 5.95403 1.10940 

3 2.44767 2.91903 1.19250 

4 1.53865 0.909018 0.59078 

5 1.42421 0.114445 0.08036 

6 1.13439 0.289812 0.25547 

4.2.2 Multiple-level G r oup C l a s s i f i c a t i o n and H i e r a r c h i c a l H e u r i s t i c S e a r c h 

Classification of task groups is conducted at multiple levels. One group is required to be 

further classified into sub-groups when the number of tasks in this group is larger than a 

pre-defined maximum number of tasks, The classification of task groups continues 

until the numbers of tasks in all sub-groups are less than The process of multiple-

level task group classification is summarized as following steps: 

1. Create a ROOT node and add all the tasks to this node. 

2. Pick up one bottom node that the number of tasks in this node is larger than rimax-

Identify the optimal group number in this node and conduct fuzzy c-means clustering 

to classify all tasks into sub-groups (sub-nodes). Each group has the group center, 
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which is calculated using Eq. (2.3) in Section 2.2.2. A task belongs to the group in 

which it has the largest value of fuzzy membership measure. 

3. If all the bottom nodes satisfy condition, «, < nnmx, this classification process should 

stop. Otherwise, go to step 2 to continue the group classification. 

The multiple-level classification of task groups is shown in Fig. 4.2. The ROOT node 

contains all the delivery tasks and first classified into 4 groups that are represented as 

nodes C I , C2, C3, and C4. In group C2 and C4, the number of delivery tasks is still 

larger than the pre-defined maximum number of task, nmax, so these groups are required 

to be further classified into sub-groups. The process of classification continues until the 

numbers of delivery tasks in all bottom sub-groups are less than nmix. 

(V: The Centroid Vector of Each Cluster) 

Figure 4.2: Hierarchical Classification of Task Groups 

The delivery sequence of these tasks is achieved through hierarchical heuristic search, 

which is conducted from lower levels to higher levels according to the tree structure of 

group classification shown in Fig. 4.2. First the delivery sequences of tasks in the bottom 

nodes, such as C21, C22, and C23, are achieved using the best-first search approach. 

Then the delivery sequence of these nodes, which belong to same group, C2, at a higher 

level, is achieved using the same search strategy. Thus the delivery sequence of tasks 

within group C2 is achieved according to the delivery sequence of its sub-groups and the 

sequence of tasks within each sub-group. 
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The search process continues from lower levels to higher levels. When the search 

process reaches the ROOT node that contains all the delivery tasks, the final scheduling 

result is achieved. The hierarchical heuristic search is illustrated in Fig. 4.3. 

ROOT 
(C3-C4-C2-C1) 

CI 
C2 

(C22-C21-C23) C3 
C4 

(C41-C42) 

Final Scheduling Result: 
C3-C4 (C41-C42)-C2 (C22-C21-C23)-C1 

X 
(Y1-Y2-Y3) 

X: Group Center 
(Y1-Y2-Y3): Local Scheduling Result 

Figure 4.3: Hierarchical Heuristic Search Result 

One example to identify the delivery sequence using hierarchical heuristic search is 

described in Fig. 4.4. In this example, the delivery sequence of 77 delivery tasks is 

Figure 4.4: Identification of Delivery Sequence Using Hierarchical Heuristic Search 
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identified using hierarchical heuristic search. The travelling distance is 108.97km and the 

number of explored nodes is 151. 

The efficiency and quality of hierarchical heuristic search can be evaluated by 

comparing with best-first search considering the travelling distances and explored search 

space. The optimal delivery sequence in this example can be obtained using best-first 

search, in which the traveling distance is 103.67km and the number of explored nodes is 

352,772. Compared with the best-first search, the scheduling quality of hierarchical 

heuristic search reaches 94.89% of the optimal solution and the explored node number in 

hierarchical heuristic search is only 0.04% of the explored search space in best-first 

search. 

4.3 Short-Distance Product Distribution Scheduling 

C o n s i d e r i n g O n e D r i v e r a n d M u l t i p l e L o a d s 

When the total volume of delivery tasks exceeds the capacity of the vehicle, multiple 

loads are then required to deliver these tasks. In this work, fuzzy c-means clustering 

method is used to classify the tasks into delivery load groups. If the total volume of a load 

exceeds the capacity of the vehicle (called volume violation), tasks in this load are then 

required to be moved to other loads. For each load, the algorithm of delivery scheduling 

at level 1 introduced in Section 4.2 is used to identify the optimal sequence and timing 

parameters of the delivery tasks in this load. 

4.3.1 Delivery Scheduling Algorithm Considering One Driver and Multiple 

L o a d s 

At this level the algorithm for short-distance delivery scheduling considering one driver 

and multiple loads is formulated into the following steps: 

1. Calculate the approximate number of loads rid 

Suppose the total task number is n, the volume of task r, is v„ the volume capacity of 

the vehicle is Vv««cfc> tne number of loads, nd, can be calculated using: 
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I * . 
„., = « f — (4.5) 

vehicle 

where a is a constant factor ( a > J) considering the difference between the volume of 

products and the actual packing volume of these products. 

2. Classify delivery tasks into loads using fuzzy c-means clustering method 

Classify all tasks into rid loads using the fuzzy c-means clustering method described 

in Section 2.2.2. 

3. Remove volume violation by adjusting delivery tasks 

For each load created in Step 2, if the volume of tasks exceeds the volume capacity of 

the vehicle, it is required that some tasks in this load to be moved to other loads. If 

there is no such violation, go to Step 4 directly. Volume violation removal algorithm 

is described in Section 4.3.2. 

4. Obtain the delivery schedule for each load 

For each load, the algorithm of delivery scheduling at level 1 introduced in Section 

4.2 is used to identify the optimal delivery sequence and timing parameters of the 

delivery tasks. 

4.3.2 The Algorithm for Volume Violation Removal 

One difficult issue of delivery scheduling at this level is the volume violation removal. 

For each load created in Step 2 of Section 4.3.1, if the total volume of tasks in this load 

exceeds the capacity of the vehicle, it is required that some tasks in this load to be moved 

to other loads. 

The approach for volume violation removal can be illustrated using an example 

shown in Fig. 4.5, in which 36 tasks are considered. The volume of each task is 0.8m3 

and the total volume of these delivery tasks is 28.8m3 that is greater than the volume 

capacity of the selected vehicle, which is pre-defined as 10m'. Three loads are required to 

complete these delivery tasks. 
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Load! Load! 

Volume of Load I: 4.8m3 
Volume of Load!: 4.8m3 
Volume of Load3: 19.2m3 

Load3 has the maximum volume 
violation measure. 

Task c/ is identified to be moved 
from load3 to Load! first for the 
volume violation removal. 

Load3 

Figure 4.5: The Load Adjustment for Volume Violation Removal 

First, these tasks are classified into three loads, Loadl, Load!, and Load3 using the 

fuzzy c-means clustering method. In Load3, the number of tasks is 24 and the total 

volume of these tasks is 19.2m3, which is greater than the capacity of vehicle. Thus some 

tasks in this load are required to be moved to other loads. 

To achieve the optimal load classification considering the constraint of vehicle 

capacity, an algorithm for volume violation removal is introduced in this work. The 

algorithm for volume violation removal is conducted in the following 5 steps. 

1. Calculate the volume violation index 

For the load m (m=J,2 nd), its volume violation measure is calculated using 

a _ J Vvehicle' v v̂ehicle — ̂  
'" \0,ifVm-Vvehicle<0 

where 

Vm - the total volume of delivery tasks in load m. 

The total volume violation index is achieved using 

(4.6) 
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© = I X (4-7) 
m=l 

where nd is the number of loads. 

If the volume violation index 0 is greater than 0, go to following steps. 

Select the group that needs to remove tasks from it 

Among all the loads whose volumes exceed the capacity of vehicle, the load with the 

maximum violation measure 9m is selected for removing tasks from it first. 

Select the task(s) to be removed 

In the load group m, for i-th task in this load, calculate 

\ „ = — . (i = U2,...,Nm,n = \,2,...,m-l,m + l,...,nd) (4.8) 

where 

A7,,, - the number of tasks in load m; 

fiim - fuzzy membership of task i belonging to load m; 

Hi,„ - fuzzy membership of task i belonging to load n. 

Among all the A,,„ values, the minimum one is selected as the value for the task i 

using 

A, = Mm{ A,,, A, 2,»v\m_,,A, m +1A, ;ij}, (i = l,2 N J (4.9) 

Among all the tasks, the task with the minimum value of A, is selected to be removed 

from the load first. If A, is obtained from A,„, the task i should be removed from the 

load m and added to the load n. To improve the computation efficiency, multiple tasks 

can be removed from the load group m. The number of tasks to be removed, N, is 

calculated using 

N = P V"'~V'M , ( £ > i ) (4.10) 
v 

where v is the average volume of delivery task calculated by 
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v= -2- (4.11) 

The N tasks with lower values of A, in the load group m should be removed. 

Check whether the new classification is better 

After each task adjustment among the loads, the total volume violation index is 

calculated using Eq. (4.7). If this index increases due to the adjustment conducted in 

Step 3, this adjustment should be cancelled. This adjustment should not be further 

considered in the next task adjustment. If all the possible changes have been tried and 

the volume violation cannot be removed, the number of loads nd should be increased 

by 7 and fuzzy c-means clustering method is used to classify the delivery tasks into 

nd+l loads. 

Update the centers of groups and fuzzy memberships of tasks 

After the tasks are adjusted among loads, the group centers are changed. Therefore, 

the membership functions of tasks, which are calculated according to the locations of 

tasks and the centers of groups, should also be changed. For the load group m, the 

center is calculated using 

( N„, N„, \ 

v. (4.12) 
Nm Nm 

\ ) 

Fuzzy memberships of tasks are also updated using Eqs. (2.4) and (2.5). 

The algorithm introduced in this section is used to solve the volume violation 

problem shown in Fig. 4.5. First among the three loads, the Load3, which has the 

maximum value of violation measure (di=0.0, 67=0.0, 6^=9.2), is selected for removing 

tasks from it first. The selected task removed from this load is identified based on the A, „ 

and the i-th task needs to be moved to n-th load. In this example, the value of X!i2 reaches 

the minimum, as illustrated in Table 4.2, thus the task c/ in Load3 is moved to Load2. If 
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the volume violation still exists, the adjustment continues until the volumes in all loads 

are less than the capacity of vehicle. 

Table 4.2: Task Adjustment from Load 3 

Task No. Q c4 C22 c23 C24 

Membership 

Function 

.0160 .0116 0.013 .0106 .0053 .0055 .0077 

Membership 

Function /*« .0395 .0284 .0324 .0282 .0120 .0118 .0163 
Membership 

Function 

.945 .960 .955 .961 .983 .983 .976 

59.0 83.1 75.7 90.5 184.2 177.2 126.7 

23.9 33.8 29.5 34.0 81.7 83.2 59.8 

A, 23.9 33.8 29.5 34.0 81.7 83.2 59.8 

4.4 S h o r t - D i s t a n c e P r o d u c t D i s t r i b u t i o n S c h e d u l i n g 

C o n s i d e r i n g M u l t i p l e D r i v e r s a n d M u l t i p l e L o a d s 

When one driver cannot deliver all the products to customers due to the working-hour 

constraint, multiple drivers are then required to deliver the tasks. In this work, fuzzy c-

means clustering method is used first to classify the tasks into driver groups. If the 

working-hour of a driver group exceeds the maximum working-hour of the considered 

driver, called working-time violation, some tasks in this driver group are then moved to 

other driver groups. In addition, balancing of working-hours is also conducted at this 

delivery scheduling level by moving some tasks from driver groups with longer working-

hours to driver groups with shorter working-hours. For each driver group, the optimal 

delivery schedule is obtained using the algorithm of delivery scheduling at level 2 

introduced in Section 4.3. 
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4.4.1 Delivery S c h e d u l i n g A l g o r i t h m C o n s i d e r i n g Multiple Drivers and 

Multiple L o a d s 

At this level, the algorithm for delivery scheduling considering multiple drivers and 

multiple loads is formulated into the following steps: 

1. Determine the approximate number of drivers np 

The required number of drivers is obtained based on the total working-hours for 

delivering the tasks. The total working-hour, T,oMi, can be calculated approximately 

using 

T - "total , V T M 
1 total „ ~ Z-l unload,! Vr-l-J/ 

.=1 

where 

n - the number of tasks; 

Tunioad.i - the unload time for task i; 

Dtotal - the total travelling distance; 

S - the average driving-speed; 

The total traveling distance, D,l)l(,i, is calculated using a simplified heuristic search 

approach in which each time only the nearest task is expanded. The approximate 

number of drivers, np, is calculated using 

n „ = 0 ^ - , ( 0 >1) (4.14) 
work 

where 

TWOrk - the maximum working-hour of the considered driver; 

2. Classify tasks into driver groups using fuzzy c-means clustering method 

Classify all the delivery tasks into np driver groups using the fuzzy c-means clustering 

method described in Section 2.2.2. 

3. Remove the working-time violation roughly by adjusting driver groups 

For each driver group created in Step 2, calculate its working-time, T,. This measure 

is obtained roughly using the equation similar to Eq. (4.13). If T, is larger than the 
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maximum working-hour of the considered driver, Twork, it is required that some tasks 

in this driver group should be moved to other driver groups. If there is no such 

violation, go to Step 4 directly. 

The group adjustment for working-time violation removal is conducted using a 

similar method as volume violation removal introduced in Section 4.3.2, except that 

the total volume, Vm, and the volume capacity of vehicle, Vvehicie, are replaced by the 

total required working-time, Tm, and the maximum working-hour, Twork, respectively. 

4. Remove the working-time violation accurately by adjusting driver groups 

For each driver group generated in Step 3, calculate its accurate working-time T). 

This measure is obtained using the delivery scheduling algorithm at level 2 

introduced in Section 4.3. Use the method similar to Section 4.3.2 to adjust the driver 

groups, if there is any working-time violation. 

5. Balancing working-hour among all drivers 

When a number of drivers are involved in delivery activities, it is expected that all 

drivers have the same working-hour. The driver groups generated in Step 4 are further 

adjusted to achieve this goal. The algorithm of the adjustment of driver groups to 

balance working-hours is described in Section 4.4.2. 

6. Obtain the delivery schedule for each driver group 

For each driver group, use the algorithm of delivery scheduling at level 2 introduced in 

Section 4.3 to generate the delivery loads and the delivery schedule of these loads, 

including sequence and timing parameters of the delivery tasks in each load. 

4.4.2 Delivery Scheduling Algorithm for Balancing Working-hours among 

A l l D rivers 

When a number of drivers are involved in delivery activities, it is expected that all drivers 

have the same working load, i.e., all drivers are expected to work for the same working-

hours. The driver groups generated in step 4 of Section 4.4.1 are further adjusted to 

achieve this goal. 
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In the driver group adjustment, the driver group that has the longest working-hour is 

selected first from which a task is to be removed. The selection of the task to be removed 

from this driver group and selection of driver group to which the task should be added are 

conducted according to the fuzzy membership functions of tasks. The approach for group 

adjustment based on membership functions is introduced in Section 4.3.2. 

One difficult issue in the group adjustment for balancing working-hours is that both 

the difference of working-hours among all drivers and the total working-hours for all 

drivers must be considered together. In order to identify the optimal classification of 

driver groups, one approach to evaluate the improvement of the new driver group 

classification C over the original driver group classification C is introduced in this work. 

Suppose in the current driver group classification C, k drivers are assigned with 

working hours T,(i=l,2,... k), the total working time T i s then calculated using 

Working time difference compared with the average working-time for each driver is 

calculated using 

T = £ r (4.15) 

The average working-hour of all drivers is achieved using 

(4.16) 

ST, =17;-T I (4.17) 

The sum of working time differences for all drivers is 

(4.18) 

.=1 

Average working time difference is 
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After group adjustment, the average working-time and average working-time 

difference for the new classification C are achieved as r'and 8T' using Eqs. (4.16) and 

(4.19). Evaluation of the new group classification, C\ over the old group classification, 

C, is conducted by comparing both T and ST measures. 

(a) If T < T a n d SY < W ' , C is better than C 

(b) If T > T and ST > W , C is better than C. 

(c) If T < T b u t 1)T> W ' , Calculate 

5 T = T - f (4.20) 

ssr = o r - s r (4.2i) 

Suppose that^, are the importance factors for average working-time and 

average working-time difference respectively, if &rXj > SSJA-ST, C is better than C. 

(d) If T > T b u t 8 f < W ' , Calculate 

8 T = T - T (4.22) 

8 s r = S T ' - 5 l (4.23) 

If 8T^T < SSJ/W, C" is better than C. 

If C is better than C , the above change should be cancelled. The change should also 

not be considered in the next step of group adjustment. 

4.5 Some Extended Examples Using the Three-level Short-

d i s t a n c e D e l i v e r y S c h e d u l i n g A l g o r i t h m 

In this section, some extended examples are given to illustrate how the delivery 

scheduling problems are solved using the three-level fuzzy-based optimal delivery 

scheduling approach introduced in this chapter. 
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4.5.1 A n E x a m p l e of Delivery S c h e d u l i n g C o n s i d e r i n g One Driver and One 

Loa d 

An example of short-distance product distribution scheduling considering one driver and 

one load is illustrated in Fig. 4.1. In this example, 36 delivery tasks are considered and 

the volume of each task is 0.25m3. Thus the total volume of tasks to be delivered in this 

example is 9m3 that is less than the capacity of the selected vehicle, which is pre-defined 

as 10m". The total required working-hour is 5 hours and 18 minuets that is less than the 

maximum working-hour of the selected driver, which is pre-defined as 6.5 hours each 

day. 

Since this delivery scheduling problem requires one driver and one load, the delivery 

scheduling algorithm at level 1 introduced in Section 4.2 can be used for solving this 

problem. In this work, the maximum number of tasks, nnm , in each task group is 

assigned as 6. 

The fuzzy c-means clustering method is used to classify the tasks into groups and 

sub-groups. The optimal number of groups is achieved automatically using the introduced 

algorithm in Section 4.2.1. The identification of optimal number of task groups at the first 

level is shown in Table 4.1 that is based upon the calculation of cluster concentration 

levels, level decrease measures, and relative level decrease measures considering 

different group numbers using Eqs. (4.3) and (4.4). 

From the Table 4.1, the optimal group number with the maximum value of relative 

decrease measure, X(DC), is identified as 3. Thus, the delivery tasks are classified into 

three groups at the first level, namely C I , C2, and C3 as illustrated in Fig. 4.6. 

The group C2 contains 24 tasks, which is larger than the pre-specified maximum task 

number, / i ^ . Therefore, further classification of this group is required. The classification 

result at this level is shown in Table 4.3. From this table, the optimal cluster number with 

the maximum value of relative decrease measure, X(DC), is identified as 2. Thus, the 

delivery tasks are further classified into two groups at this level, namely C21 and C22, as 

illustrated in Fig. 4.6. 
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Figure 4.6: A Snapshot of The Browsers for Task Group Classification 

The numbers of tasks in groups C21 and C22 are 12, which is still larger than the pre-

specified maximum task number nnmx . Therefore, these clusters are further classified into 

groups C211, C212, and C221, C222 respectively. 

Table 4.3: Evaluation of Different Group Classification 

Task Group 

Number 

C 

Group Concentration 

Level 

Dc 

Level Decrease 

Measure 

Df-i - Dc 

Relative Decrease 

Measure 

MDc) 

1 1.50259 

2 0.625716 0.876875 1.40100 

3 0.543342 0.0823736 0.15160 

4 0.442633 0.100709 0.22752 

5 0.361211 0.081422 0.22541 

6 0.324537 0.0366741 0.11300 
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(V: The Centroid Vector of Each Cluster) 

Figure 4.7: The Tree Structure for the Classification of Task Groups 

This multiple-level classification of task groups can be represented using a tree 

structure, as illustrated in Fig. 4.7. Each group at higher level consists of sub-groups at a 

lower level. The sub-groups at bottom level contain only a set of delivery tasks. 
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(Y1-Y2-Y3) (Y1-Y2-Y3): Local Scheduling Result 

Figure 4.8: Hierarchical Heuristic Search 
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The delivery sequence of tasks is achieved using the hierarchical heuristic search 

based on the tree structure of group classification in Fig. 4.7. In the hierarchical heuristic 

search, the search process is conducted from lower levels to higher levels. First the 

delivery sequences of tasks in the bottom nodes, such as C211 and C212, are achieved 

using the best-first search approach. Then the delivery sequence of these nodes, which 

belong to the same group, C21, at a higher level is achieved using the same search 

strategy, as illustrated in Fig. 4.8. Thus the delivery sequence of tasks in the group C21 is 

achieved according to the delivery sequence of the sub-groups and the sequence of tasks 

within each sub-group. 

The search process continues from lower levels to higher levels until the ROOT node 

is reached and the delivery sequence of all tasks is obtained. The scheduling result of this 

example is shown in Fig. 4.9. 

f "1 Oeliveiy Scheduling •H-|D|x 

(* * * ' */ It 

~ ft * 1 
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V * 

• | * * 

1 * 

Figure 4.9: A Snapshot of Delivery Scheduling Result 

Considering One Driver and One Load 
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4.5.2 An E x a m p l e of Delivery S c h e d u l i n g C o n s i d e r i n g One Driver and 

Multiple L o a d s 

An example of short-distance delivery scheduling considering one driver and multiple 

loads is illustrated in Fig. 4.5. In this example, 36 tasks are considered and the volume of 

each task is 0.8 m3. Thus the total volume of these delivery tasks is 28.8m3 that is larger 

than the capacity of the selected vehicle, which is pre-defined as 10m3. The required total 

working-hour is 5 hours and 40 minuets that is less than the maximum working-hour of 

the driver, which is pre-defined as 6.5 hours. 

Since it requires one driver and multiple loads to complete the delivery tasks, 

scheduling algorithm at level 2 introduced in Section 4.3 can be used for solving this 

problem. The optimal load classification is conducted through fuzzy c-means clustering 

and group adjustment based on fuzzy membership functions. 

Based on the total volume of the delivery tasks and the capacity of the vehicle, the 

approximate required load number is identified as 3 using Eq. (4.5). The fuzzy c-means 

clustering method is used to group the 36 tasks into three load groups, Loadl, Load2, and 

Load3 as illustrated in Fig. 4.5. 

The total volume of Load3 is 19.2m3, which is larger than the capacity of the vehicle. 

The total volumes in the other two loads are less than the capacity of the vehicle. So task 

adjustment among these loads based on measures of fuzzy membership functions is 

required. 

Among the three loads, the Load3, which has the maximum volume violation 

measure, is selected for removing tasks from it first. The selected task removed from this 

load is obtained according to the minimal A, „ and the i-th task needs to be moved to n-th 

group. As shown in Table 4.2, the A/,2 reaches the minimum, thus the task ct in Load3 is 

moved to L o a d l . 

With the load adjustment, the centroid vectors of load groups and the fuzzy 

membership functions of delivery tasks are changed, which need to be re-calculated using 

Eq. (4.12). The updated membership functions of tasks are listed in Table 4.4. 
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Table 4.4: The Selection of Task to Be Adjusted 

Task No. c4 C5 Cl5 Cl6 

Membership 

Function 

.086 .089 .083 .074 .087 .068 

Membership 

Function 
.157 0.166 .157 .127 .172 .130 

Membership 

Function 

.756 0.746 .760 .799 .741 .802 

8.77 8.40 9.20 10.82 8.52 11.71 

A*,2 = /*i,3/><\2 4.82 4.50 4.85 6.27 4.32 6.18 

A, 4.82 4.50 4.95 6.27 4.32 6.18 

The task adjustment continues based on the new membership functions if the volume 

violations still exist. In next task adjustment, the A/5,2 reaches the minimum as shown in 

f y 
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Loadl 

03) 
(10) <-
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(16) <-

(18) -4-
L o a d l 
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Load2 from Load3 

2. move task c,s to (14X9X7) (1) (3) (5)(6J4)(2)(8X11X17) 
Loadl from Load3 

3. move task cj to 
Load2 from Load3 

4. move task cy4 to 
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Loadl from Load;? 
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Loadl from Load3 Load3 

y 
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40 km 
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Volume of Loadl: 9.6m3 
Volume of Loadl: 9.6m3 
Volume of LeW 3: 9.6m3 

Load.2 • **J 

Load3i 

t** * * * ' * * 

* it * * * *." 

-U 
40 km 

(n) sequence number of task adjustment 

Figure 4.10: The Group Adjustment for Volume Violation Removal 
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Table 4.4. The task c/5 is identified to move from Load 3 to Load2. This adjustment 

continues until the volume violations in all loads are removed. The process of group 

adjustment for volume violation removal is shown in Fig. 4.10 and listed in Table 4.5. 

Table 4.5: The Process of Group Adjustment for Volume Violation Removal 

Step No. 

•7 
Volume (nr) Maximum 

Violation Measure 
Task Adjustment Step No. 

Vj v2 v, 

Maximum 

Violation Measure 
Task Adjustment 

1 4.8 4.8 19.2 9.2 C] from Load3 to Loadl 

2 4.8 5.6 18.4 8.4 C15 from Load3 to L o a d l 

3 4.8 6.4 17.6 7.6 c3 from Load3 to Loadl 

4 4.8 7.2 16.8 6.8 C14 from Load3 to Loadl 

5 4.8 8.0 16.0 6.0 C4 from Load3 to Loadl 

6 4.8 8.8 15.2 5.2 Cj3 from Load3 to Loadl 

7 4.8 9.6 14.4 4.4 C2 from Load3 to Loadl 

8 4.8 10.4 13.6 3.6 cis from Load3 to Loadl 

9 4.8 11.2 12.8 2.8 c<5 from Load3 to Loadl 

10 4.8 12.0 12.0 2.0 C35 from L o a d l to Loadl 

11 5.6 11.2 12.0 2.0 en from Load3 to L o a d l 

12 5.6 12.0 11.2 2.0 C33 from L o a d l to Loadl 

13 6.4 11.2 11.2 1.2 C34 from L o a d l to Loadl 

14 6.4 10.4 11.2 1.2 C5 from Load3 to Loadl 

15 7.2 11.2 10.4 1.2 C31 from L o a d l to Loadl 

16 8.0 10.4 10.4 0.4 C32 from Load 1 to Load 1 

17 8.8 9.6 10.4 0.4 Ci6 from Load3 to Loadl 

18 8.8 10.4 9.6 0.4 C36 from L o a d l to Loadl 

19 9.6 9.6 9.6 0.0 

After the load classification and adjustment, the hierarchical heuristic search 

algorithm introduced at level 1 is used to achieve the sequence and timing parameters of 

the delivery tasks for each load. The scheduling result is illustrated in Fig. 4.11. 
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Figure 4.11: A Snapshot of Delivery Scheduling Result 

Considering One Driver and Multiple Loads 

4.5.3 A n Example of P r o d u c t D i s t r i b u t i o n S c h e d u l i n g C o n s i d e r i n g Multiple 

Drivers and Multiple L o a d s 

An example of short-distance delivery scheduling considering multiple drivers and 

multiple loads is illustrated in Fig. 4.12. In this example, 69 tasks are considered and the 

volume for each task is 0.8m3. Since the required working-hour to complete these 

delivery tasks exceeds the maximum working-hour of the selected driver that is pre

defined as 6.5 hours, multiple drivers and multiple loads have to be considered to deliver 

these tasks. The short-distance delivery scheduling algorithm at level 3 introduced in 

Section 4.4 can be used for solving this problem. The optimal driver group is identified 
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using fuzzy c-means clustering method. The group adjustment for working hour violation 

removal and working hour balancing is conducted based on fuzzy membership functions. 

y 

60 k n f 

Driver-groupl (Group adjustment 

for working-hour 

violation removal 

Group adjustment 

for balancing 

working-hours 

Driver-groupl 

Working-hour for each driver before 

adjustment: 

Driver-group J: 5 hours and 2 minutes 

Driver-groupl: 2 hours and 40 minutes 

Driver-group3: 8 hours and 8 minutes Driver-group3 

_L 
60 km 

Figure 4.12: The Group Adjustment for Working-hour Violation Removal 

First these delivery tasks are classified into three driver groups based upon the 

estimated number of drivers using Eq. (4.14). These three driver groups are called 

Driver-group J , Driver-groupl and Driver-group3, as illustrated in Fig. 4.12. Tasks in 

each driver group are then classified into load groups using the short-distance delivery 

scheduling algorithm at level 2 introduced in Section 4.3 and the total working-hour for 

each driver can be achieved. The working-hours for delivering the tasks in these three 

driver groups are obtained as: 

Driver-groupl: 5 hours and 2 minutes 

Driver-groupl: 2 hours and 40 minutes 

Driver-group3: 8 hours and 8 minutes 
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Since the working-hour for delivering the tasks in Driver-group3 is larger than the 

maximum working-hour of the driver, working-time violation removal is then conducted 

by adjusting the tasks among these driver groups. The following tasks are moved from 

Driver-group3 to Driver-group! respectively in task adjustment iteration: {c30, c28, c2g, 

C26, c33, c25, c27, C31, c32}, as illustrated in Fig. 4.12. 

Table 4.6: The Driver Group Adjustment for Working-hour Violation Removal 

and Working-hour Balancing 

Step 

No. 

Working-hour Maximum 

Violation 

Measure 

Maximum 

Difference 

Measure 

Task Adjustment 

(D2 - D r i v e r l 

D3 - Driver3) 

Step 

No. 
Driv e r l D r i v e r l Driver3 

Maximum 

Violation 

Measure 

Maximum 

Difference 

Measure 

Task Adjustment 

(D2 - D r i v e r l 

D3 - Driver3) 

1 5.037 2.675 8.131 1.631 — C30 to D l from D3 

2 5.037 3.923 7.980 1.480 — c2s to D l from D3 

3 5.037 4.007 7.830 1.330 — c29 to D l from D3 

4 5.037 4.115 7.815 1.315 — c26 to D l from D3 

5 5.037 4.209 7.678 1.178 — c33 to D l from D3 

6 5.037 4.318 7.619 1.119 — C25 to D l from D3 

7 5.037 4.427 7.523 1.023 — c27 to D2 from D3 

8 5.037 4.634 7.316 0.816 — C31 to D l from D3 

9 5.037 4.695 7.106 0.606 — C32 to D l from D3 

10 5.037 4.833 5.837 0.000 11.48% cj to D l from D3 

11 5.037 5.095 5.731 — 8.38% c/5 to D l from D3 

12 5.037 5.265 5.530 •— 4.79% 

_ \ 
T-T 
T 

J 

(1 = 1,2,3), where 7} is the working-hour for driver t; T is 

the average working-hour for all drivers. 

** D2 and D3 represent Driver-Group2 and Griver-group3. 

After the group adjustment for working-hour violation removal, the working-hours 

for completing the delivery tasks in these new driver groups are obtained as: 

Driver-group 1: 5 hours and 2 minutes 



67 

Driver-groupl: 4 hours and 50 minutes 

Driver-group3: 5 hours and 50 minutes 

Although in the above driver groups, the working-hours of all drivers are less than the 

pre-defined maximum working-hours, but the required working-hours in Driver-group3 

is longer than the required working-hours in the other two driver groups. Therefore, 

balancing of the working-hours among these drivers is then conducted. The task c/ and 

c/5 are moved from Driver-group3 to Driver-groupl, as illustrated in Fig. 4.12. 

After the adjustment of driver groups for balancing working-time, the working-hours 

for delivering the tasks in these three driver groups are obtained as: 

Driver-Group 1: 5 hours and 2 minutes 

Driver-Groupl: 5 hours and 16 minutes 

Driver-Group3: 5 hours and 32 minutes 

The group adjustment process for working-hour violation removal and working-hour 

balancing is listed in Table 4.6. After the group adjustment, the maximum ratio of the 

working-hour difference of drivers to the average working-hours of all drivers is reduced 

to less than 5%. 

Table 4.7: Driver Group Classification and Load Group Classification 

Drivers Loads Delivery Tasks 

Driver 1 
Load 1 C52, C53, C54, C55, C56, C57, CM, C65, C66, C67, C(,g, C69 

Driver 1 
Load 2 C46-, C47, C48, C49, Cjo, C57, C$8, C59, C(,o, Cgy, C,52, Cgj 

Driver 2 
Load 1 C34, C35, C36, C37, C38, C39, C40, C41, C42, C43, C44} C45 

Driver 2 
Load 2 Cj, C/5, C25, C26, C27, C28, C29, C30, C31, C32, C33 

Driver 3 
Load 1 C2, C3, C4, C5, C(>, C/3, CJ4, Cj(j, C17, C/8 

Driver 3 
Load 2 C7, C8, Cg, C10, C/i, C/2, C/9, C20, C21, C22, C23, C24 

After the driver group adjustment for working-time violation removal and working-

hour balancing, the short-distance delivery scheduling algorithm at level 2 introduced in 

Section 4.3 is used to obtain the optimal schedule for each driver group, including the 

delivery loads for this driver group and the delivery sequence of tasks in each load. The 
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driver group classification, delivery load classification, and the delivery sequence of the 

tasks in each load are illustrated in Table 4.7 and Fig. 4.13. 

flDeOveiE Scheduling IsD 

Figure 4.13: A Snapshot of Delivery Scheduling Result Considering 

Multiple drivers and Multiple Loads 

4.6 S U M M A R Y 

In this chapter, a fuzzy-based intelligent delivery scheduling approach for short-distance 

product distribution is introduced. In this approach, short-distance product distribution 

scheduling is conducted at three levels: 
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• Level 1: short-distance product distribution scheduling considering one driver and 

one load; 

• Level 2: short-distance product distribution scheduling considering one driver and 

multiple loads; 

• Level 3: short-distance product distribution scheduling considering multiple 

drivers and multiple loads. 

Delivery scheduling at a higher level uses the delivery scheduling algorithms at a 

lower level. Fuzzy c-means clustering method is employed to classify delivery tasks into 

driver groups, load groups, and location groups. The optimal sequence and timing 

parameters of the delivery tasks are identified using the fuzzy-based classification 

approach and hierarchical heuristic search. Fuzzy membership functions are used for 

removing vehicle capacity violation, removing working-hour violations of drivers, and 

balancing working-hours among all drivers. 

The proposed approach focuses on both quality and efficiency of short-distance 

product distribution scheduling. Various types of constraints, including capacities of 

vehicles, maximum working-hour of drivers, etc., are considered in short-distance 

product distribution scheduling. In addition, balancing the working-hour among all 

drivers is also considered in this work. 
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C h a p t e r 5 

L o n g - d i s t a n c e P r o d u c t D i s t r i b u t i o n S c h e d u l i n g 

This chapter presents the long-distance product delivery scheduling mechanism of the 

intelligent product distribution scheduling system. In Section 5.1, a three-level scheduling 

approach f o r solving long-distance product distribution problems is described. Section 

5.2 describes the algorithm of demand pattern classification. Section 5.3 introduces the 

algorithm of delivery zone creation f o r each of these demand patterns. Section 5.4 

describes the algorithm of zone-based scheduling. Section 5.5 summarizes the long

distance product distribution scheduling approach introduced in this chapter. 

5.1 A Three-level Long-distance Product Distribution 

S c h e d u l i n g A p p r o a c h 

In this research, long-distance product distribution scheduling is conducted at three 

levels, considering (1) classification of demand patterns, (2) creation of delivery zones 

for each of these demand patterns, and, (3) zone-based scheduling. This three-level long

distance delivery scheduling mechanism is illustrated in Fig. 5.1. 

Level 1: Classification of Demand Patterns 

The long-distance delivery scheduling approach at this level focuses on identifying 

the demand patterns. Fuzzy c-means clustering method [Bezdek 81] is used to 

achieve the demand patterns using the collected past delivery data. The demand 

pattern classification is conducted at two levels and results organized in a tree 
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structure. Using this data structure, the pattern that is best matched with the current 

collected delivery data can be identified efficiently for predicting future delivery 

demand in distribution scheduling. 
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Figure 5.1: A Three-Level Mechanism of Long-distance Delivery Scheduling 

Level 2: Delivery Zone Creation 

For each demand pattern, the past delivery data are selected according to their 

relations with the considered pattern. These data are classified into delivery zones 

using fuzzy c-means clustering method. Each zone is defined by a zone center and a 

delivery frequency. When one zone covers a large area, this zone is then divided into 

sub-zones. When the delivery period in one zone is longer than the pre-defined 

maximum delivery period, this zone is required to be combined with its neighbour 

zones. 
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Level 3: Zone-based Scheduling 

The long-distance delivery scheduling at this level focuses on achieving the delivery 

schedule for each of the delivery zones. First the collected delivery demand data are 

matched with the preserved demand patterns to predict the future delivery demand 

and select one zone pattern used for the next time period. The delivery tasks are 

classified into zone groups according to the locations of delivery tasks and centers of 

delivery zones. For each zone group, the delivery tasks are classified into different 

task groups that are delivered either by manufacturer-owned vehicles or by other 

delivery-companies. Genetic algorithm [Goldberg 89] and beam search are used to 

obtain the distribution schedule considering the delivery cost. 

5.2 Classification of Demand Patterns 

The delivery demands are in change from time to time. Different delivery schedules 

should be considered for different levels of delivery demands. In this work, the past 

delivery data are classified into demand patterns using fuzzy c-means clustering method. 

The demand pattern classification is conducted at two levels. The results are organized in 

a tree data structure. 

To apply the fuzzy c-means clustering method, each previously collected delivery 

data is described by a p-dimension vector using 

Dj = (Dj!, Dj2, Djp), (j=l,2 n) (5.1) 

where n is the total number of the collected data. 

These data are classified into demand patterns using fuzzy c-means clustering 

method. The optimal number of demand patterns is identified using the method 

introduced in Section 4.2.1. 

For each pattern, the centroid vector is used to represent the demand pattern. 

Therefore each demand pattern is also described by a p-dimension vector 

Pl = (Pn,Pi2,...,Pip),(i=l,2,...,c) (5.2) 
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where c is the number of demand patterns, P,y, Pi2, .... Ptp are the demand measures for 

the i-th pattern. 

The obtained patterns can be further classified into sub-patterns according to the 

requirements. Thus the pattern classification can be conducted at multiple levels and 

results represented in a tree data structure, as illustrated in Fig. 5.2. 

ROOT 

P2 

P l l P12 P13 P21 P22 

A pattern cluster 

Figure 5.2: Hierarchical Pattern Representation 

In this research, the past delivery data are classified into two-level patterns: long-term 

economic patterns and short-term seasonal patterns. The algorithms of the two-level 

pattern classification are described in Section 5.2.1 and 5.2.2. 

5.2.1 Classification of Long-term Economic Patterns 

The average delivery demand level primarily depends on the economic environment. 

When the economy is booming, usually more delivery tasks are required. In this research, 

the past delivery data are first classified into economic patterns. 

In this research, the delivery data in past 9 years (1991 - 1999) are used to generate 

economic demand patterns. In each year, the delivery demands of 12 months, represented 

as volumes, are collected. The past delivery data used for economic pattern classification 

are shown in Fig. 5.3. 
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Figure 5.3: The Delivery Demand from 1991-1999 

The fuzzy c-means clustering method is used to classify these data into patterns. 

Different pattern numbers have been tried to classify the 9 vectors into patterns. For each 

pattern classification, the calculated cluster concentration level, level decrease measure, 

and relative decrease measure introduced in Section 4.2.1 are shown in Table 5.1. From 

this table, the optimal pattern number is identified as 3 and the past delivery data are 

classified into three demand patterns. 

Table 5.1: Evaluation of Different Pattern Classifications 

Pattern Number 

c 

Pattern Concentration 

Level 

Dc 

Level Decrease 

Measure 

Dc-\ -Dc 

Relative Decrease 

Measure 

x(dc) 

1 114.9 

2 58.6186 56.2817 0.9601 

3 26.6408 31.9778 1.2003 

4 24.8351 1.8057 0.0727 

5 18.0115 6.8236 0.3788 

6 13.7483 4.2631 0.3101 
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The membership functions, representing the relations between these delivery data 

vectors and the three demand patterns, are shown in Table 5.2. When a delivery data 

vector has a maximum membership function measure with a pattern, this delivery data is 

considered to belong to this pattern. 

Table 5.2 Membership Functions of the 9 Demand Vectors 

Data Index 

(year) 

Membership Function 
Pattern Index 

Data Index 

(year) |Xi,i Mi.3 

Pattern Index 

1991 0.947216 0.012514 0.040271 1 

1992 0.999210 0.000155 0.000635 1 

1993 0.806486 0.027568 0.165946 1 

1994 0.000016 0.999919 0.000645 2 

1995 0.000100 0.000104 0.999796 3 

1996 0.074689 0.030049 0.895262 3 

1997 0.011352 0.931352 0.057296 2 

1998 0.007933 0.965391 0.026676 2 

1999 0.033937 0.092256 0.873808 3 

The patterns achieved at this level reflect to long-term economic change. The demand 

patterns at this level are called long-term economic patterns. The three demand patterns at 

this level are called economic-low pattern, economic-medium pattern, and economic-high 

pattern, as illustrated in Fig. 5.4. 

5.2.2 C l a s s i f i c a t i o n of Short-term S e a s o n a l Patterns 

For the economic pattern identified above, the delivery demands in different months and 

different locations are still different. Therefore these patterns are required to be further 

classified into sub-patterns. The sub-pattern classification is conducted using the delivery 

demand data in each long-term economic pattern. 
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1 2 3 4 5 6 7 8 9 10 11 12 
Month 

Figure 5.4: The Representation of the Economic Demand Patterns 

In this research, the whole considered delivery area is first divided into m sub-

regions, as shown in Fig. 5.5. For each month, the average delivery demands in these sub-

regions are described by a vector 

d, =(dn,di2,..,dim), (/ = 1,2,--,12) (5.3) 

m 

Figure 5.5: Sub-regions of the Considered Whole Region 

The fuzzy c-means clustering method is used to classify the 12 delivery data in each 

economic pattern into sub-patterns. Table 5.3 shows the created three sub-patterns for the 

long-term economic-medium pattern. 
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Table 5.3 Sub-Classification of Economic-Medium Demand Pattern 

Data Index 

(month) 

Membership Function 
Pattern Index 

Data Index 

(month) 
Pattern Index 

1 (Jan.) .029939 .007248 .962813 3 

2 (Feb.) .005320 .000970 .993711 3 

3 (Mar.) .164751 .020796 .814452 3 

4 (Apr.) .782865 .033463 .183672 1 

5 (May) .899587 .061984 .038428 1 

6 (June) .008314 .989312 .002374 2 

7 (July) .023840 .967642 .008518 2 

8 (Aug.) .008314 .989312 .002374 2 

9 (Sept.) .899587 .061984 .038428 1 

10 (Oct.) .782865 .033463 .183672 1 

11 (Nov.) .019908 .003368 .976725 3 

12 (Dec.) .043059 .010923 .946018 3 

The achieved sub-patterns reflect to the short-term demand changes and are matched 

with the seasons. These patterns are called short-term seasonal patterns. The three 

seasonal patterns achieved from economic-medium pattern are called summer pattern 

(June to August), winter pattern (November to March), and spring-fall pattern (April, 

|f '1 Delivery Pattern Browser _|n X \lZi Delivery Pattern Browser 

k°°t 11 pattern name: 

economic-high 

data number: 3 

data list: 

•1995' 

•1999' 

'1996' 

delivery demand: 540 

630 718 840 1020 1320 

1440 1320 1020 840 

650 527 „ 

[root |£ sub cluster: 

high-spring/fall 

high-winter 

high-summer 

• 

• 

1 economic-high 
pattern name: 

economic-high 

data number: 3 

data list: 

•1995' 

•1999' 

'1996' 

delivery demand: 540 

630 718 840 1020 1320 

1440 1320 1020 840 

650 527 „ 

1 economic-high 

• 

sub cluster: 

high-spring/fall 

high-winter 

high-summer 

• 

• 

economic-medium 
economic-low 

pattern name: 

economic-high 

data number: 3 

data list: 

•1995' 

•1999' 

'1996' 

delivery demand: 540 

630 718 840 1020 1320 

1440 1320 1020 840 

650 527 „ 

economic-low 
] economic-medium 
high-spring/fall 

; high-winter 
j high-summer 
; low-winter 
low-spring/fall 

: low-summer 
medium-winter 

: medium-summer 
; medium-spring/fall 

• 

sub cluster: 

high-spring/fall 

high-winter 

high-summer 

• 

• 

Figure 5.6: Demand Pattern Classification 
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May, September, and October). The economic-high pattern and economic-low pattern can 

be classified into similar sub-patterns. 

The obtained demand patterns are recorded in the Delivery Pattern Browsers, as 

illustrated in Fig. 5.6. The above two-level pattern classification results are organized in a 

hierarchical data structure, as shown in Fig. 5.7. 

Long-term 

Economic 

Patterns 

Short-term 

Seasonal 

Patterns 

S: Summer; SF: Spring/Fall; W: Winter 

Figure 5.7: Hierarchical Demand Pattern Representation 

5.3 C r e a t i o n o f D e l i v e r y Z o n e s 

For each demand pattern, a delivery zone pattern is created for delivery scheduling. The 

delivery zones are created using the past delivery data, which belong to the considered 

pattern, using fuzzy-based computing techniques. 

5.3.1 Initial Zone Creation for the Identified Demand Pattern 

The initial creation of the delivery zones is conducted using the past delivery data by 

fuzzy c-means clustering method. For each pattern, the past delivery data are selected 

according to their membership functions to the considered pattern. The past delivery data 

in certain demand pattern are described by 
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P = {D],D2,-,Dn} (5.4) 

where n is the number of the delivery data. 

Each delivery data in Eq. (5.4) is described by the location and delivery volume at 

this location using 

D,={L;,V;J(7 = 1,2,---,ii) (5.5) 

where Ls is the location of the j-th data and V} is the volume of the j-th data. 

The fuzzy c-means clustering method is used to cluster these delivery data into 

location groups according to their locations. In this work, these location groups are used 

as delivery zones. 

After the zone creation, the delivery period for each zone is calculated according to 

the delivery demand and vehicle capacity. First, the required load number to satisfy the 

delivery demand in the considered zone is calculated using 

m 

vehicle 

where 

V, is the volume of delivery data i in this zone; 

m is the number of delivery data in this zone; 

yvehicle is the capacity (volume) of the selected vehicle; 

w is the coefficient (w>7). 

The delivery period of the considered zone is obtained using 

T = ^ _ (5.7) 
nload 

where AT is the time period that the collected delivery data covers. 

One example of zone creation for seasonal summer pattern of economic-high pattern 

is illustrated in Fig. 5.8. There are 540 delivery data in this pattern and each delivery data 

is described by the location and the volume from this location. The fuzzy c-means 
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clustering method is used to classify these delivery data into location groups (delivery 

zones). The delivery period of each zone is calculated using Eqs. (5.6) and (5.7). 

Figure 5.8: Zone Classification for High-Summer Demand Pattern 

5.3.2 Zone Adjustment 

The obtained delivery zones are required to be adjusted if some zones are too large or 

delivery periods of some zones are too long. 

(1) Zone Sub-clustering 

When one zone covers a large area, this zone is required to be divided into sub-zones. 

Thus the concentration level of the delivery zone can be decreased and travelling distance 

and time can also be decreased. 

In order to evaluate the size of the delivery zone, one distance measure com is defined 

in this work using 

Oim = Maximum{d\,d2,---,dn) (5.8) 

where 

dj is the distance of task i to the center of the considered zone; 
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n is the number of tasks in this zone. 

Suppose that the maximum distance measure of the delivery zone is defined as a w , 

when the distance measure of one zone is larger than comax, this zone is required to be 

divided into sub-zones. 

The algorithm for zone sub-clustering is summarized as follows: 

1. Identify all the zones that the co„, values of these zones are larger than the pre-defined 

maximum distance measure coinax and put these zones into the AdjustJList. 

2. Pick up one zone from the Adjust_List randomly and remove it from this list. 

3. Calculate the number of sub-clusters using 

ns = I N T ( - ^ - ) (5.9) 
^max 

where the INT() is a function to convert a real number into its nearest integer number. 

4. The fuzzy c-means clustering method is used to cluster the delivery data in the 

considered zone into ns sub-groups. 

The above process of zone sub-clustering is conducted continuously, until the 

distance measures in all zones are less than 0)max. After the zone sub-clustering, the 

delivery periods are calculated using Eqs. (5.6) and (5.7). 

(2) Zone Grouping 

When the delivery period in one zone is longer than the pre-defined maximum delivery 

period Tnmx, this zone should be combined with its neighbor zones. So the delivery period 

of this zone can be reduced and the customers can receive their orders within short time 

period. The algorithm for zone grouping is summarized as the following steps: 

1. Identify all the zones that the delivery period values Tm of these zones are longer than 

the pre-defined maximum delivery period Tmax, and put these zones into Adjust_List. 

2. Pick up one zone from the Adjust_List randomly, remove it from the AdjustJList. 
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3. Sort all other zones according to the distance measures to the center of the considered 

zone. Combine the considered delivery zone with its closest neighbor zone and 

update the center and delivery period of the combined zone. 

4. Check whether the Adjust_List is empty. If the Adjust_List is not empty, go to step 2. 

The above process of zone grouping is conducted continuously, until the delivery 

period values in all zones are less than Tmax. After the zone grouping, the delivery periods 

are updated using the Eqs. (5.6) and (5.7). 

One example for zone adjustment is illustrated in Fig. 5.9, in which the zone 

classification for the winter pattern of economic-high demand pattern is achieved first. 

Due to the low level delivery demands in this demand pattern, the delivery periods in 

some zones are longer than the maximum delivery period, which is pre-defined as 30 

days. So these zones are required to be grouped with their neighbor zones. 

Figure 5.9 Zone Classification for High-Winter Demand Pattern 

In this example, the delivery periods in zone Zh Z2, Z j , Z4, Z7, Z9, Zjo, Z//, Zu, Z/4, 

Zjs, Zi6, Z17, and Zjs are larger than the maximum delivery period and the zone grouping 
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for these zones is required. The process of zone grouping is illustrated in Table 5.4. After 

the zone grouping, the delivery periods in all zones are less than the pre-specified 

maximurn delivery period. 

Table 5.4 Zone Combination for Decreasing Delivery Period 

Zone Classification Before 

Adjustment 
Zone Adjustment 

Zone Classification After 

Adjustment 

Zone 

Name 

Delivery 

Period 

Zone Adjustment 
Zone 

Name 

Delivery 

Period 

Z; 33 (1) Z i is combined with 

Zj 1 and Z/o to form zone 

Zw&i&ih 

Zw&i&n 11 

z2 33 

(1) Z i is combined with 

Zj 1 and Z/o to form zone 

Zw&i&ih Z2&3 17 

z3 33 
(2) Z2 is combined with 

Z} to form the zone Z2&3, 

(3) Z4 is combined with 

Z7 to form the zone Z4&i\ 

Z4&7 17 

z4 33 
(2) Z2 is combined with 

Z} to form the zone Z2&3, 

(3) Z4 is combined with 

Z7 to form the zone Z4&i\ 

Z5 20 

z5 20 

(2) Z2 is combined with 

Z} to form the zone Z2&3, 

(3) Z4 is combined with 

Z7 to form the zone Z4&i\ 

Z0 20 

z6 20 

(2) Z2 is combined with 

Z} to form the zone Z2&3, 

(3) Z4 is combined with 

Z7 to form the zone Z4&i\ 
Zs 20 

z7 33 

(2) Z2 is combined with 

Z} to form the zone Z2&3, 

(3) Z4 is combined with 

Z7 to form the zone Z4&i\ 

Z9&13&15 11 

z8 20 
(4) Z9 is combined with 
Zj3 and Z/5 to form the 

zone Z9&13&15', 

Z/2 20 

z9 32 

(4) Z9 is combined with 
Zj3 and Z/5 to form the 

zone Z9&13&15', Zl4&l6 17 

Zio 33 
(5) Z/4 is combined with 

Z/6 to form the zone 

Z17&I8 20 

Zu 33 

(5) Z/4 is combined with 

Z/6 to form the zone Z/9 20 

Z n 20 
Zi4&i6, 

Z20 20 

Z13 64 
(6) Z]7 is combined with 

Zis to form the zone Z}4 33 

(6) Z]7 is combined with 

Zis to form the zone 

Z,5 64 Z/7<t;«; 

Z/6 33 

Z,7 44 

Z18 37 

Z/9 20 

Z20 20 
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For each identified demand pattern, the above algorithm of zone classification and 

adjustment is used continuously until the zone classifications of all demand patterns are 

obtained. The Delivery Zone Browser is used to record the zone classification results, as 

illustrated in Fig. 5.10. 

f | Deliver Zone Browser 

high-spring/fall zone2&zone3 
high-winter zone4&zone7 

high-summer zone5 
low-winter zone6 
low-spring/fall zone8 
low-summer • zone10&zone1 &zone11 JL 

i 
zone name:zone10&zone1 &zone11 

delivery volume:81.0 

delivery frequency:11 days 

Figure 5.10: Delivery Zone Browser 

5.4 Z o n e - b a s e d S c h e d u l i n g 

In long-distance product distribution scheduling, first the zone pattern used for the next 

time period is identified according to the predicted demand pattern. The delivery tasks are 

classified into zone groups according to their locations and the centers of the identified 

delivery zones. Zone-based scheduling is conducted in each zone group to obtain the 

optimal delivery sequence and timing parameters of delivery tasks. 

In long-distance product distribution scheduling, the delivery tasks can be delivered 

by manufacturer-owned vehicles or by delivery-companies in the case of under-loading 

or over-loading of the selected vehicle. The scheduling is used to classify the delivery 

tasks within one zone group into different groups that are delivered by manufacturer-

owned vehicles or by delivery-companies. Genetic algorithm and beam search are used to 

identify the delivery schedule considering the delivery cost. 
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5.4.1 P r e d i c t i o n of C o m i n g Delivery Demand 

In long-distance delivery scheduling, first the future delivery demand is predicted 

according to the collected delivery data. According to the identified demand pattern, the 

delivery zones used for the next time period are obtained to guide the delivery 

scheduling. 

Demand Patterns 

Economic-High 

1 2 3 4 5 6 7 8 9 10 11 12 ' i t a < t i » . • „ a 

Month ; 

i Economic-Low 
I 1200 I 1 1 1 1 1 1 

Actual Demand ; 1W0. e«90 B 

Predicted Demand 

200 
0 -I 1 1 1 1 H—4—J 1 1 1 1 
1 2 3 4 5 6 7 8 9 10 11 12 

Figure 5.11: Prediction of the Future Delivery Demand 

As discussed in Section 5.2, past delivery demand data are classified into economic 

demand patterns and each pattern is described by a /2-dimensional vector. To predict the 

coming delivery demand, first the total delivery demand measures in the past 6 months, 

described by a solid curve in Fig. 5.11, are collected. This curve is compared with 

economic patterns to identify the best-matched pattern. The data preserved in the 

identified pattern are used to predict the delivery demands in the next 6 months, shown as 
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dashed curve in Fig. 5.11. Suppose the current month's index is i , the past 6 months' 

delivery demand data are described by 

D = (D,_5, D,_4, D,_3, D,_2, Dw, D,) (5.10) 

This partial delivery data are then compared with all the preserved delivery patterns 

by calculating its distances to these patterns using 

Distance(Z), P}) = £ (Dk - Pjk )2, ( j = 1,2,3) (5.11) 
V k=i-5 

The demand pattern that has the minimum distance measure to the collected data is 

identified as the best-matched demand pattern and is then to predict future delivery 

demand. If the best-matched pattern is described as P*, the next 6 months' demands are 

predicted as 

When the month index i is less than 1 or greater than 12, this index should be 

recalculated by 

\i-\2, (i > 12) { ' 

In the example shown in Fig. 5.11, the distance measures between the three preserved 

economic demand patterns, P i {economic-low pattern), P2 (economic-medium), and P j 

(economic-high), and the collected data are calculated as 833.66, 482.96, 110.79 

respectively. The distance measure from P3 to the collected delivery data has the 

minimum value, so the economic-high pattern is identified as the best-matched delivery 

pattern. 

After the long-term economic pattern is identified, the short-term seasonal pattern is 

identified according to the month indices. According to the predicted demand pattern, the 

delivery zones are identified and used for delivery scheduling in next time period. 

file:///i-/2
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5.4.2 Zone-Based S c h e d u l i n g 

In the long-distance delivery scheduling, after delivery zones are identified, the delivery 

tasks are classified into zone-groups according to the zone centers and locations of 

delivery tasks. Scheduling is used to determine the optimal schedule according to the 

delivery cost. 

In zone-based scheduling, the tasks are delivered by manufacturer-owned vehicles 

and by delivery-companies considering the under-load and over-load conditions of the 

selected vehicle. So the delivery tasks in one zone group are classified into different 

groups that are delivered by manufacturer-owned vehicles or by other delivery-

companies. Genetic algorithm and beam search are used to identify the optimal delivery 

schedule according to the delivery cost. 

(1) Selection of Delivery Methods Using Genetic Algorithm 

Genetic algorithm is a search procedure based on the mechanics of genetics and nature 

selection. Genetic algorithm based scheduling starts with coding feasible schedules using 

chromosomes. Three operators, reproduction, crossover, and mutation, are used to evolve 

the populations of chromosomes, as illustrated in Fig. 5.12. 

A crucial issue in implementing genetic algorithm is to code possible solutions using 

chromosomes. A chromosome is represented by a string of genes, which are composed of 

sub-strings corresponding to sub-solutions. 

In order to identify the optimal solution, it is important that the representation of 

chromosome encompass all possible solutions. Suppose that the size of possible solutions 

is S, the byte length of chromosome, g, must satisfy 

2s >S (5.14) 

In the long-distance delivery scheduling, the delivery schedule includes the 

descriptions of the task classification and the delivery sequence of tasks in the groups 

delivered by manufacturer-owned vehicles. This is a typical NP-hard problem [Chapman 

87; Garey 79] and the size of possible solutions, S, is very larger and the length of byte 
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string is very long. This makes the computation of population evolution intractable and 

not efficient. 

No. Chromosome Cost: C, Fitness:/; Copies No. Individual Cost:C, 

1 100100...11 900 0.24 1 1 100100...11 900 

2 001000...10 600 0.38 2 -> 2 001000...10 600 

3 110111...01 1800 0.12 0 3 001000...10 600 

4 110011...01 840 0.26 1 4 110011...01 840 

Before Reproduction 

(Average Cost: 1035) 

(a) Reproduction Operation 

After Reproduction 

(Average Cost: 735) 

Crossover Location 

1 1 Oil 0 0 1 

1 0 1 

1 1 Oil 1 1 0 

1 0 1 

Mutation Location 

10 0 1 1 1 0 1 0 0 1 1 1 0 0 0 0 1 1 1 1 0 

Before Crossover After Crossover Before Mutation After Mutation 

(b) Crossover Operation (c) Mutation Operation 

Figure 5.12: Three Operations in Genetic Algorithm 

In order to make the genetic algorithm easy to be implemented, in this work the task 

classification is encoded in the chromosome and delivery sequence is determined using 

the sequence identification approach that will be discussed in next section. 

In long-distance delivery scheduling, each task can be delivered by manufacturer-

owned vehicles or by other delivery-companies. In this project, suppose that the change 

of delivery demand of considered zone is less than 100%, two manufacturer-owned 

vehicles are considered. A delivery task can be classified into one of the three groups, 

which is delivered (1) by first manufacturer-owned vehicle, (2) by second manufacturer-

owned vehicle, or (3) by a delivery-company. For each delivery task, one 2-byte string is 

used to represent its possible classification: 

(0,0) - The task is delivered by first manufacturer-owned vehicle; 
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(0,1) - The task is delivered by second manufacturer-owned vehicle; 

(1,0) - The task is delivered by delivery-companies. 

Suppose the number of delivery tasks is n, the chromosome is represented by the 

above n sub-strings, as shown in Fig. 5.13. 

0 0 0 1 1 0 1 0 0 1 0 0 

Task 1 Task 2 Task 3 Task n-2 Task n-1 Task n 

2n bits 

Figure 5.13: A 2n-bit Chromosome 

In genetic algorithm, evaluation of the newly generated population is conducted based 

on the fitness function. In this project, the objective is to reduce the delivery cost C,„,ui. 

The fitness function F is defined as a function of delivery cost using 

F=l/Clolal (5.15) 

In this work, the delivery tasks are classified into manufacturer-vehicle group and 

delivery-company group. The delivery cost is calculated according to task classification, 

travelling time and travelling distance, and the cost rate at delivery-company. The 

delivery cost Cma\ is calculated using 

Ctotal ~ ̂ company ^salary însurance + C • • • (5.16) 

In the Eq. (5.16), the total travelling time and travelling distance are calculated 

according to the delivery sequence of tasks, which is obtained using the sequence 

identification approach described in the next section. 

If the performance cannot be improved in pre-defined consecutive generations or the 

maximum generation has been reached, the evolution process will stop and the optimal 

schedule is identified in the optimization process. 
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(2) Delivery Sequence Identification Using Beam Search 

One issue in delivery scheduling is to determine the sequence of delivery tasks. The 

sequence of delivery tasks is also used to calculate the travelling time and distance, which 

are required in evaluating the fitness function discussed in the last section. Determining 

the delivery sequence is a typical NP-hard problem and the search space is computational 

intractable. 

In this work, in order to improve the computation efficiency, the beam search 

[Winston 92], a modified best-first search algorithm, is used to determine the delivery 

sequence. In beam search, the number of nodes at each level in the search tree is limited 

by a pre-defined number, called beam width. If the number of the generated nodes in 

certain level exceeds the specified beam width, the nodes with the poor heuristic function 

should be cut off, as discussed in Section 2.2. 

Figure 5.14: Identification of Delivery Sequence Using Beam Search 

One example to identify the delivery sequence using beam search is described in Fig. 

5.14. In this example, the delivery sequence from the warehouse to 9 delivery locations is 

required to be identified. The comparison of travelling distances and explored search 

space using different beam widths are listed in Table 5.5. 

The optimal delivery sequence in this example can be obtained using best-first search, 

in which the traveling distance is 241.8km and the number of explored nodes is J30,898. 

The scheduling quality and the efficiency of beam search are evaluated compared with 
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the best-first search. When the beam-width is set as 3, the quality of the solution reaches 

8 1 % of the optimal solution and the node number is only 0.1% of the explored search 

space in best-first search. When the beam-width is set as 10, the scheduling quality 

reaches 100% of the best solution and the node number is only 0.34% of the explored 

search space in best-first search. The improvement of scheduling quality using different 

beam widths is shown in Fig 5.15. 

Table 5.5: The Scheduling Result using Different Beam Width 

Beam 

Width 

Travelling 

Distance 

Explored 

Node Number 

Scheduling Quality 

Compared with Best-

first Search 

Node Number 

Compared with 

Best-first Search 

2 298.4 98 76.6% 0.07% 

3 286.7 142 8 1 % 0.1% 

4 286.7 186 8 1 % 0.14% 

5 250.2 230 96.5% 0.18% 

6 250.2 274 96.5% 0.21% 

7 250.2 318 96.5% 0.24% 

8 250.2 362 96.5% 0.28% 

9 250.2 406 96.5% 0.31% 

10 241.8 442 100% 0.34% 

The beam search risks falling into a local optimal caused by cutting off the nodes that 

lead to the global optimum. However, due to its efficiency and comparatively good 

quality, this approach is often used to solve the NP hard problems. Thus in zone-based 

scheduling, the beam search is used to identify the delivery sequence of the tasks that are 

delivered by the manufacturer-owned vehicles. 

5.4.3 Case Study Examples of Zone-Based Scheduling 

In this section, a number of case study examples are presented to illustrate how the zone-

based scheduling approach is used to solve the scheduling problems. In zone-based 

scheduling, according to the identified zone classification, the delivery tasks are first 



92 

classified into zone groups, and genetic algorithm and beam search are used to achieve 

the optimal schedule in each zone group. 

1 i A 

a, 
S ^ 
~ .75-

0.7 H 1 1 1 1 1 1 1 1 

2 3 4 5 6 7 8 9 10 
Beam Width 

Figure 5.15: Scheduling Quality Using Different Beam Widths 

In genetic algorithm, if the performance cannot be improved within certain 

consecutive generations or the maximum generation has been reached, the evolution 

process is stopped and the chromosome with the best fitness function is identified. In this 

work, the optimization process will stop if the performance cannot be improved within 20 

consecutive generations and maximum generation is defined as 200. 

(1) Example 1 

In this example, the delivery schedule for zone Zs on June 9, 2000 is achieved. There are 

40 delivery tasks and the total volume of these delivery tasks is 68m., as illustrated in 

Fig. 5.16. The capacity of the selected vehicle is 55m3. 

The GA-based scheduling approach is used to achieve the optimal schedule for this 

task group. In this example, the population size, crossover rate, and mutation rate are set 

as 16, 0.8, and 0.01 respectively. The beam width is set as 10. 
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0 : ; 

* delivered by the first manufacturer- ' T V 

owned vehicle 
o delivered by the second manufacturer-
owned vehicle 

1 

Figure 5.16: Delivery Schedule of Example 1 

The simulation process of the genetic algorithm is illustrated in Fig. 5.17. There is no 

performance improvement during 20 consecutive generations from generation 157 to 

generation 176 and the evolution process stops at generation 776. The optimal solution is 

identified in this optimization process and the delivery cost is converged to $5415.37. 

In the optimal schedule, the delivery tasks are classified into two groups that are 

delivered by two manufacturer-owned vehicles. Each vehicle group contains 20 tasks and 

the delivery sequence of these tasks is obtained using sequence identification approach 

introduced in this work. The optimal schedule including the task classification and 

delivery sequence of these tasks is illustrated in Fig. 5.16. 
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1 10 20 30 40 50 60 70 80 90 100 110 1 20 130 140 150160170 

Generations 

Figure 5.17: The Simulation Result of Example 1 

(2) Example 2 

In this example, the delivery schedule for zone Zs on July 6, 2000 is calculated. There are 

40 delivery tasks and the total volume of the delivery tasks is 40m, as illustrated in Fig. 

5.18. The capacity of the selected vehicle is J5m3. 

The GA-based scheduling approach is used to achieve the optimal schedule for this 

task group. In this example, the population size, crossover rate, and mutation rate are set 

as 16, 0.8, and 0.075 respectively. The beam width is set as 10. 

The simulation process of the genetic algorithm is illustrated in Fig. 5.19. There is no 

further performance improvement from generation 137 to generation 157 and the 

evolution process stops at generation 757. The optimal solution is identified in this 

optimization process and the delivery cost is converged to $3711.09. 
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• Long Distance Scheduling Result Biowsei C U E 

* delivered by a manufacturer-owned vehicle 
A delivered by a delivery-company 

Figure 5.18: Delivery Scheduling of Example 2 

In the optimal schedule, the delivery tasks are classified into two groups. One is the 

manufacturer-owned vehicle group to deliver tasks by manufacturer-owned vehicle. 

Another one is delivery-company group to deliver tasks by a delivery-company. The 

manufacturer-owned vehicle group contains 30 tasks and the delivery-companies group 

contains 10 tasks. The delivery sequence of tasks in manufacturer-owned vehicle group is 

obtained using sequence identification approach introduced in this work. The optimal 

schedule including the tasks classification and delivery sequence of tasks is illustrated in 

Fig. 5.18. 
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Figure 5.19: The Simulation Result of Example 2 

5.5 S U M M A R Y 

In this chapter, an intelligent scheduling approach for long-distance product distribution 

is introduced. The long-distance product distribution scheduling is conducted at three 

levels: 

• Level 1: demand pattern classification; 

• Level 2: delivery zone creation; 

• Level 3: zone-based scheduling. 

Delivery scheduling at a higher level uses the delivery scheduling result at a lower 

level. Fuzzy c-means clustering method is employed to classify delivery demands into 

demand patterns and to classify delivery data into delivery zones. The optimal schedule 

for each delivery zone is obtained using the zone-based scheduling algorithm. 

The proposed approach focuses on both quality and efficiency of long-distance 

product distribution scheduling. 
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C h a p t e r 6 

I m p l e m e n t a t i o n o f t h e I n t e l l i g e n t P r o d u c t D i s t r i b u t i o n 

S c h e d u l i n g S y s t e m 

Implementation of the intelligent product distribution scheduling system is presented in 

this chapter. Section 6.1 describes the system architecture and user interface. Section 6.2 

introduces the system implementation using VisualWorks 2.5. 

6.1 System Architecture and User Interface 

The architecture of the intelligent product distribution scheduling system is illustrated in 

Fig. 3.1. This system consists of two sub-systems: a short-distance product distribution 

scheduling system and a long-distance product distribution scheduling system. The 

system was implemented using VisualWorks 2.5 - a window-based environment for 

programming in Smalltalk language [Hopkins 95]. Different browsers are developed as 

the user interface for the intelligent delivery scheduling system. 

In this system, a user interface, called Delivery Scheduling Launcher was 

implemented to manage all system browsers. This launcher is used to activate the 

browsers developed for both the short-distance delivery scheduling system and the long

distance delivery scheduling system. As shown in Fig. 6.1, these browsers are organized 

into different groups and drop-down menus were implemented to create the browsers of 

each group. These browsers can be created by simply clicking on the corresponding menu 

items. 
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(b) Partial Drop-Down Menus of the Delivery Scheduling Launcher 

Figure 6.1: Implementation of the Delivery Scheduling Launcher 

In short-distance product distribution scheduling system, five browsers were 

developed as user interface, including Short-distance Delivery Task Browser, Short-

distance Delivery Scheduling Browser, Short-distance Scheduling Result Browser, Driver 



99 

Browser, and Vehicle Browser. The functions of each browser and the relations among 

these browsers are shown in Fig. 6.2. 

Delivery Scheduling Launcher 

- manage the system 

- display messages 

Short-distance Scheduling 

Result Browser 

- graphically display short 

distance delivery 

scheduling result 

>rt- I 

J 

Short-distance Delivery 

Task Browser 

- manage delivery task 

database 

Vehicle Browser 

- manage vehicle 

database 

Short-distance Delivery Scheduling 

Browser 

- conduct short-distance delivery 

scheduling 

Figure 6.2: User Interfaces of the Short-distance Delivery Scheduling System 

The Driver Browser and Vehicle Browser are used to manage the personal resources 

and facility resources used in the short-distance delivery scheduling. Short-distance 

Delivery Task Browser is used to organize the short-distance delivery tasks into different 

categories. The Short-distance Delivery Scheduling Browser is used to conduct the short-

distance delivery scheduling, in which the available resources are assigned to the delivery 

tasks considering the constraints of resources, and the sequence and time parameters of 

the delivery tasks are achieved. These browsers are opened directly from the Delivery 

Scheduling Launcher. The Short-distance Scheduling Result Browser is activated from 

the Short-distance Delivery Scheduling Browser and used to graphically display the result 

of short-distance delivery scheduling. 
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In long-distance product distribution scheduling system, six browsers were developed 

as user interface, including Long-distance Delivery Scheduling Browser, Past Delivery 

Data Browser, Delivery Pattern Browser, Delivery Zone Browser, Long-distance 

Delivery Task Browser, and Long-distance Scheduling Result Browser. The functions of 

each browser and the relation of these browsers are shown in Fig. 6.3. 

Past Delivery Data 
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Browser 

- manage delivery 
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Delivery Zone Browser 

- manage delivery zone 

database 

Delivery Scheduling 

Launcher 

- manage the system 

display messages 

Long-distance Delivery 

Task Browser 

- manage delivery task 

database 

Long-distance Delivery Scheduling 

Browser 

- conduct long-distance delivery 

scheduling 

Long-distance Scheduling 

Result Browser 

- graphically display long 

distance delivery 

scheduling result 

Figure 6.3: User Interfaces of the Long-distance Delivery Scheduling System 

The Past Delivery Data Browser is used to manage the past delivery data. The 

collected delivery data are classified into demand patterns and the Deliver Pattern 

Browser is used to organize these patterns. For each demand pattern, one zone pattern is 

created to conduct the delivery scheduling and the Delivery Zone Browser is used to 
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organize the delivery zones into different categories. Long-distance Delivery Task 

Browser is used to manage the delivery tasks in long-distance delivery scheduling. Long

distance Delivery Scheduling Browser is used to conduct the delivery scheduling and the 

Long-distance Scheduling Result Browser is used to graphically display the result of 

long-distance delivery scheduling. 

6.2 System Implementation Using VisualWorks 2.5 

VisualWorks 2.5 provides around one thousand classes [Sharp 97]. The system classes 

that are commonly used in this system include Object, ApplicationModel, View, 

ControllerWithMenu, Dictionary, Order edCollection, SortedCollection, String, 

Timestamp, etc. Explanations to these classes are given in Table 6.1. 

Table 6.1: The System Classes Used for System Implementation 

Class Names Explanations 

Object 
A top level class of Smalltalk from which all other classes are 

descended 

ApplicationModel 
A class to provide frameworks to help manage user interface 

applications with M V C (Model-View-Controller) components 

View 
A class that is used to handle all display (output) operations and 

manage some part of a window 

Controller WithMen u 
A class that is used to handle user input from keyboard and 

mouse 

Dictionary 
A class for storing data in form of key-and-value pair that allows 

retrieval of the value when the key is known 

OrderedCollection 

A class that stores Smalltalk objects in the order these objects 

were added and will grow and shrink with the operation of 

adding and removing objects 

SortedCollection 
A class that sorts the stored Smalltalk objects according to some 

collating sequences 

String A class that is used to represent an array of characters 

TimeStamp 
A class for representing date and time in the format of 

year/month/day/hour/minute/second 
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In addition to the system classes, a number of new classes have been created for the 

implementation of the intelligent product distribution scheduling system. These new 

classes were defined as sub-classes of the system classes. A l l variables and methods of 

the super-classes are inherited by the sub-classes automatically. The newly created 

classes are organized in different categories, as presented in Table 6.2. The descriptions 

of these newly created classes are presented in the Appendix. 

Table 6.2 Newly Created Classes and Categories for System Implementation 

Categories Classes Super-Classes 

Short-Distance 

Delivery Scheduling 

System 

• ShortDistanceSchedulingBrowser 

• ShortDistanceSchedulingResultBrowser 
ApplicationModel 

Short-Distance 

Delivery Scheduling 

System 

• FuzzyClustering 

• OneLoadScheduling 

• OneDriverScheduling 

• MultipleDriverScheduling 

Object 

Long-Distance 

Delivery Scheduling 

System 

• LongDistanceSchedulingBrowser 

• LongDistanceSchedulingResultBrowser 

• DemandPatternBrowser 

• DeliveryZoneBrowser 

ApplicationModel 

Long-Distance 

Delivery Scheduling 

System 
• DeliveryPattern 

• DeliveryZone 

• GAScheduling 

Object 
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C h a p t e r 7 

C o n c l u s i o n s a n d F u t u r e W o r k 

This chapter gives conclusions of this research. The future work of this research is also 

discussed in this chapter. 

7.1 Conclusions 

This research was devoted to the development of an intelligent product distribution 

scheduling system. This system consists of two sub-systems: a short-distance product 

distribution scheduling system and a long-distance product distribution scheduling 

system. 

In short-distance delivery scheduling system, a three-level delivery scheduling 

mechanism is introduced considering (1) one driver and one load, (2) one driver and 

multiple loads, and, (3) multiple drivers and multiple loads. Delivery scheduling at a 

higher level is conducted based upon the scheduling algorithm introduced at a lower 

level. The hierarchical heuristic search is introduced to identify the delivery sequence of 

tasks within one delivery load. In this approach, tasks are first classified into groups 

according to their locations using fuzzy c-means classifying method. The delivery 

scheduling is then to identify the delivery sequence of these groups and the delivery 

sequence of the tasks within each group. The fuzzy c-means clustering method is also 

used to classify the delivery tasks into load groups and driver groups. The fuzzy 

membership functions are used to adjust the load groups and driver groups for removing 
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the vehicle capacity violations, removing working-time violations of drivers, and 

balancing the working-times among all drivers. 

In long-distance delivery scheduling system, a three-level delivery scheduling 

mechanism is introduced, considering (1) the classification of demand patterns, (2) the 

creation of delivery zones, and, (3) zone-based scheduling. In this mechanism, first past 

delivery data are classified into two-level patterns: long-term economic patterns and 

short-term seasonal patterns. For each pattern, the whole delivery region is divided into 

zones, each is described by its center location and delivery frequency. During delivery 

scheduling, the delivery demand in the next time period is predicted by matching the 

collected delivery data with the patterns. The zones used in the next time period are 

selected based on the predicted demand pattern. Genetic algorithm is employed to 

classify the tasks into different groups that are delivered by the manufacturer-owned 

vehicles and delivered by other delivery companies. 

The contributions of this research are summarized as follows: 

(1) A hierarchical heuristic search approach is introduced in delivery scheduling 

In short-distance delivery scheduling, it is a typical NP-hard problem to identify the 

optimal sequence and timing parameters of the selected delivery tasks, i.e., when the 

number of tasks is n, the possible search space is n l . In this research, a hierarchical 

heuristic search approach is introduced to improve the scheduling efficiency. In this 

approach, the delivery tasks are first classified into groups according to their locations 

using a fuzzy c-means clustering method. The optimal number of groups is identified 

according to the relative decrease measure considering different cluster numbers. The 

delivery schedule is then achieved by identifying the optimal sequences of the tasks 

in these groups and the optimal sequence of these groups using the best-first search. 

The heuristic function of best-first search in delivery scheduling is the total traveling 

distance. 
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(2) A task classification approach for obtaining driver groups and load groups is 

introduced in delivery scheduling 

In short-distance delivery scheduling, when the total volume of required delivery tasks 

exceeds the capacity of the selected vehicle, multiple loads are then required and the 

delivery tasks are classified into different load groups. When one driver cannot deliver 

all the products to customers due to working hour constraint, multiple drivers are then 

required and the delivery tasks are classified into different driver groups. In this 

research, the fuzzy c-means clustering method is used to classify the delivery tasks 

into driver groups and load groups. If the total volumes of some load groups exceed 

the capacity of the vehicle (called volume violations), tasks in these load groups are 

then moved to other load groups. If the total working-hours of some driver groups 

exceed the maximum working-hour constraint (called working-time violations), tasks 

in these driver groups are then moved to other driver groups. In addition, tasks from 

driver groups with longer total working-hours are moved to driver groups with shorter 

total working-hours for the balancing of working-hours. Fuzzy membership functions 

are used for selecting the task group from which a task should be deleted, the task to 

be removed in the selected group, and the group to which the task should be added. 

(3) A n approach for dynamic creation of delivery zones is introduced in delivery 

scheduling 

In long distance-delivery scheduling, the whole delivery region is divided into zones 

and each zone is described by its center location and delivery frequency. The creation 

of delivery zones and delivery frequencies of these zones should be changed 

according to the delivery demand. In this research, one approach for dynamic creation 

of delivery zones is introduced. In this approach, the past delivery data are classified 

into representative demand patterns. For each pattern, the delivery data are classified 

into location groups, called delivery zones and delivery frequencies of these zones are 

calculated according to the delivery demand in the selected pattern. During delivery 

scheduling, first the delivery demand in the next time period is predicted by matching 

the collected demand data with the patterns and the zones used in the next time period 
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are selected based on the predicted delivery demand. Thus, both the creation of 

delivery zones and the selection of delivery zones are matched with the dynamic 

changes of delivery demand. 

(4) A n approach for achieving the optimal schedule considering different delivery 

alternatives is introduced in delivery scheduling 

In long-distance delivery scheduling, the delivery tasks are classified into zone groups 

according to the identified zone pattern. For each zone group, the delivery tasks are 

classified into different task groups that are delivered by manufacturer-owned 

vehicles or by delivery-companies. In this research, a genetic algorithm based 

scheduling approach is introduced to obtain the optimal schedule considering the 

delivery cost. Genetic algorithm based scheduling starts with coding feasible task 

classification using chromosomes and the fitness function of each chromosome is 

calculated according to the task classification, travelling time and travelling distance, 

and the cost rate of delivery-companies. Three operators, reproduction, crossover, and 

mutation, are used to evolve the populations of chromosomes to the optimal solution 

according to their fitness functions. 

7.2 Future Work 

The effectiveness of product distribution scheduling using the developed intelligent 

delivery scheduling system has been proved by the examples provided in this work. To 

further improve this system, the future research should focus on the following issues: 

(1) More constraints in product distribution scheduling should be considered 

In the product distribution scheduling system, both the constraints from customer side 

and manufacturer side need to be considered. In this research, the constraints, 

including the capacities of vehicles, maximum working-time of drivers, and the due 

dates from customers, are considered. In order to improve this system, more 

constraints, such as the constraints of time-window from customers, constraints of 

vehicle/product dependencies, constraints of traffic, etc., need to be considered. 
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(2) More delivery alternatives in product distribution scheduling should be 

considered 

In the long-distance product distribution, the manufacturer has a number of available 

alternatives from which to choose in shipping their products. In this research, the 

delivery alternatives including manufacturer-owned vehicles and contracted delivery 

service are considered. In order to improve this system, more delivery alternatives 

including railroad shipping, piggyback freight (combination of truck shipping and 

railroad shipping), etc., need to be considered. 



A P P E N D I X 

Table A . l : Newly Created Classes for Short-distance Delivery Scheduling System 

Class Names Explanations 

ShortDistanceSchedulingBrowser 

A class that is used for implementing the 

user interface for conducting the short-

distance delivery scheduling. 

ShortDistanceSchedulingResultBrowser 
A class that is used to graphically display 

result of short-distance delivery scheduling. 

FuzzyCIustering 

A class that is used to classify the delivery 

tasks into groups using the fuzzy c-means 

clustering method. The methods defined in 

this class are used to compute membership 

functions of tasks belong to different 

clusters, calculate centroid vectors of 

clusters, obtain convergence measure of the 

classification, compute the concentration 

level of the classification, and identify the 

optimal cluster number. 

OneLoadScheduIIng 

A class that is used to solve the scheduling 

problem considering one driver and one 

load. The methods defined in this class are 

used to classify tasks into groups, conduct 

hierarchical search and the best-first search. 

OneDriverScheduling 

A class that is used to conduct the 

scheduling problem considering one driver 

and multiple loads. The methods defined in 

this class are used to classify tasks into load 

group and adjust the load group considering 

the vehicle capacity violation. 

MultipleDriverScheduling 

A class that is used to conduct the 

scheduling problem considering multiple 

drivers and multiple loads. The methods 

defined in this class are used to classify 

tasks into driver groups, adjust the driver 

groups considering the working-time 

violation and balancing of working hours. 
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Table A.2: Newly Created Classes for Long-distance Delivery Scheduling System 

Class Names Explanations 

LongDistanceSchedulingBrowser 

A class that is used for implementing the 

user interface and conducting long-distance 

delivery scheduling. The methods defined in 

this class are used to classify economic 

patterns and seasonal patterns, create 

delivery zones, and identify the future 

delivery demand pattern. 

LongDistanceScheduIingResultBrowser 
A class that is used to graphically display 

result of long-distance delivery scheduling. 

DemandPatternBrowser 
A class that is used to present the results of 

DemandPatternBrowser 
demand pattern classification. 

Delivery ZoneBrowser 
A class that is used to present the results of 

the delivery zone creation. 

DeliveryPattern 

A class that is used to preserve the 

descriptions of a demand pattern. The 

instance variables of the class are used to 

preserve the information of delivery demand 

of this pattern, the created delivery zones of 

this pattern, its lower level pattern, and its 

higher level pattern. 

Delivery Zone 

A class that is used to preserve the 

descriptions of a delivery zone. The instance 

variables of the class are used to preserve 

the information of zone name, zone center, 

and delivery period of this zone. 

GAScheduling 

A class that is used for conducting the zone-

based scheduling using genetic algorithm. 

The methods in this class are used to 

conduct crossover operation according to 

the specific crossover probability and 

mutation operation according to the specific 

mutation probability, calculate the fitness 

function of each solution, generate the 

population of next generation according to 

the fitness function measures, identify the 

delivery sequence of tasks in manufacturer-

owned vehicle group using beam search. 
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