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ABSTRACT 

Cellular manufacturing has been extensively adopted as a measure to reduce cycle 

time, increase productivity, and improve product quality. The past research in cellular 

manufacturing has focused on the methodology for identification of machine groups, part 

families, and determination of processing routes >^1iile the relocation of existent workers 

into cells and their training for cellular manu&cturing enviromnent have been ignored. 

However, several industrial surveys show that human and administrative issues are a 

major unsolved problem in implementing ceUs. Human issues in the cell formation 

process have received little attention in the literature. This dissertation develops methods 

for guiding the assigmnent of workers to cells and determination of training plans and 

task assignments for workers. 

An integer programming model is first proposed to determine the assignment of 

workers to cells and the aggregate training needs for each cell with consideration of 

meeting the technical and administrative skill requirements in each cell, bi addition to 

the technical and administrative skills, team synergy level predicted on the basis of the 

combination of individual personality-related traits, and individual job fitness are then 

included in the consideration for building high performance teams. A mixed integer 

programming model is formulated with objective to create effective manufacturing teams 

meeting cell requirements with low training cost, high team synergy level, and 

compatibility between workers and tasks. Several solution methods including greedy 
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heuristics, beam search, filtered beam search, and simulated annealing techniques are 

developed for solving the mathematical models. They are tested and compared to a 

standard optimization software for a set of test problems. Restilts indicate that problem 

size, initial mix of skills, and the skill requirements of cells in the data set impact the 

difGculty of obtaining good solutions. Nevertheless, it appears that heuristics such as 

beam search are capable of obtaining good solutions with reasonable computational 

effort. Directions for future work are discussed at the conclusion of this dissertation. 
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CHAPTER 1 

Introduction 

1.1 Cellular Manufacturing Systems 

Facing intensified competition in a growing global market, manufacturing companies 

are reengineering their integrated production systems to achieve lean manufacturing. 

Major goals include reduction of cycle time and cost ̂ ^e ensuring quality and product 

variety. Cellular Manufacturing (CM) offers one ̂ proach for achieving these goals. 

Cellular manufacturing is an {plication of Group Technology (GT) in manufacturing. 

GT identifies similar i^rts and groups them into families to be processed by dedicated 

machine groups to take advantage of their similarities in manufacturing and design. 

Therefore, in a cellular manufacturing environment, parts with similar process maps or 

other characteristics are grouped into part families. A group of heterogeneous machines 

and tools is assigned to process one or mote part families and form a manufacturing cell. 

The number of part families loaded to a manufacturing cell is justified for machine 

utilization. Each part family has its own route or process steps to go through the machine 

group and one or mote operations may be skipped according to its process plan. Figure 

1.1 shows acell vs. a traditional functional layout 

Assignment of machines and part families to a manufacturing cell is not a complete 

solution for transforming into cellular manufacturing configuration fiom the traditional 

one. The existent workers need to be grouped into teams ofworicers far each cell. A 
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team of workers works together in a cell to meet internal and external customer needs. 

The worker reassigmnent {xocess can be pictured as shown in Figure 12. 

(b)GTMMUfiKlurinoCdi 

Ftgim 1J LayoutCoinparim; TradBonal Jotahop vs. GT Manuteluring Cal 
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Rgure 1.2 Worker Assignment for Cellular Manufacturing 

CM configuration frequently outperforms traditional jobshop production or mass 

production flow line Miien a manu&cturing system is driven by a high part mix and 

medium demand for each part Qrpe with occellent quality and on time delivery required 

by customers. Simulation studies have been done to compare the performance of GT 

manu&cturing cell and traditional jobshop under different conditions (Vakharia et al. 

[1995], Morris and Tersine [1989]). The successful applications of GT in the 

manufacturing industries have led to setup and cycle time reduction, less wodc in process 
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inventory, lower material handling cost, improved employee satisfaction, and other 

advantages. The effectiveness of implementing CM can be seen in the survey by 

Wemmerlov and Hyer [1989]. 

12 Manufacturing Cell Formatioii Problem 

A cellular manufacturing system can be either converted from the existent jobshop 

manufacturing configuration or set up from scratch by acquiring new equipment and 

manufacturing personnel. A manufacturing cell is formed after a group of dissimilar 

machine tools are selected and dedicated to process one or more part &milies. A worker 

team is also dedicated to operate this machine groi  ̂and carry out tasks such as 

component assembly, part machining, tool calibration, quality assurance, administrative 

tasks, and operation scheduling. Technical operating policies and administrative 

procedures are developed and ̂ plied to the fomied manu^turing cell. However, the 

formation of manufacturing cells is the first design step in applying GT in manufacturing 

systems. Given the customer demand on each part, part types and their process nu^s, 

machine types and availability, existent workers and their skills, cost of labor, machining, 

and raw materials, the cell formation problem can be decomposed into three sub-

problems: 

1. Analyze similarities among the demanded parts and identify part families, 

2. Identifythe machine types and theirnumber needed for processing one ormore 

part families and re-layout facilities or define the logical machining cell and tiie 

part routes. 
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3. Assign workers to each cell and give them job training needed to operate 

manufacturing cells. 

Cell formation based on part &mily and machine group identification has been widely 

discussed in the literature (see Burbidge [1975], King and Nakomchai [1982], Kusiak 

[1987], Askin and Vakharia [1990], Suresh [1991], and Singh [1993] for general 

reviews). An extensive body of research literature has concentrated on the technological 

problem of forming appropriate part families and machine groups. While the literature is 

too extensive to fully cover here, proposed solution ̂ proaches include production flow 

analysis (Burbidge [1971]), similarity coefScients (McAuley [1972]) clustering methods 

(McCormick et al. [1972]), graph theory (Askin and Chiu [1990]), goal programming 

(Shafer and Rogers [1991]), and non-traditional heuristics such as genetic algorithms 

(Joines et al. [1996]), fiiz  ̂logic, neural networics,and linguistics (Wu et al. [1986]). 

These methods consider a variety of factors such as intercell material handling (Askin and 

Subramaniam [1987]), alternate process plans (Rajamani et al. [1990]),operation 

sequences (Askin and Zhou [1998]), machine duplication (Seifoddini [1989]) 

subcontracting, and machine placement (Heragu and Kakuturi [1997]). 

The cell formation decision process must also include the assignment of workers to 

cells. Burbidge [197S] listed a set of dedicated workers as a k  ̂principle of cell 

autonomy (or independence) ̂ ch in turn is an essential aspect of successful cells in 

practice, biasurveyofindustry, Askin and Estrada [1998] found that training of workers 

was a prime concern when implementing cells, and one that has not yet been adequately 

researched. In creating cells, woricers with process oriented skills must be divided into 
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part oriented teams and assigned to cells with heterogeneous processes, hi creating 

empowered teams, additional technical and administrative skills must also be developed 

among the workforce, hi addition, the interactions among team members and the team 

synergy need also be considered to form a high performance team. 

The conversion &om the traditional jobshop production to cellular manufacturing 

brings a new culture context to the worker team. In the traditional jobshop environment, 

workers usually are assigned to be responsible for one or two specific process steps and 

perform a limited number of tasks to pass the one or two steps. In a cellular 

manufacturing environment with empowered worker teams, individuals are cross-trained 

and expected to perform a wider variety of tasks including administrative tasks as well as 

production operations on multiple processors. Cross-training workers to operate 

heterogeneous machines will increase the productivity as well as the worker's market 

value. Planning, implementation, and documentation of employee training is important 

for manufacturing companies also by international standards (ISO 9001, Boeing Dl-

9000). Employee training plays an important role in the implementation of CM. 

According to 1997 Industry Report, by Training Magazine, the total dollars budgeted 

for formal training in 1997 by US organizations with 100 or more employees was $58.6 

billion, an increase of 26 percent since 1992, not adjusting for (mild) inflation. Forty-four 

percent of the organizations offered some training to production woricers. Projecting the 

results of the study to all U.S. organizations with 100 or more employees yields an 

estimate that 18.3 million production workers received an average 29 hours of training in 

1997. Modeling and managing training in a scientific manner will help improve the 
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letum on this investment To date, there has been very little research on the foimation of 

worker teams in CM and the planning of team training. 

1J Cellular Worker Team Formation Problem 

The purpose of this dissertation is to provide a decision support model and solution 

methodology to guide employee assignment and training when creating a cellular 

manufacturing environment. 

The employee training and assignment problem for forming team-based manufacturing 

system contains three interrelated subproblems: 

1) Assigning the workers to cellular teams; 

2) Deciding the training program for a worker if needed; and 

3) Assigning specific duties to team members that are consistent with their training 

and time schedule. 

Each cellular team should contain all the skills required for autonomous control. This 

includes both technical and administrative skills. We assume that part families have been 

selected. For each &mily a cell has been created and the machines required to produce 

this part fimiily have been assigned to the cell. Each cell therefore has an associated set 

of employee skill requirements to enable operation of all equipment and administrative 

fimctions in the cell. A sample list of skills would include novice or leadman cq)ability 

on specific machines/processes, setup certification, g^e/measuiement system calibration, 

SPC chatting, routine equipment maintenance, production scheduling, staff scheduling. 
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production activity reporting, material purchasing, equipment justification, order release 

authorization, meeting facilitator, etc. Table 1.1 illustrates this sample list. 

Table 1.1 Sanqtle List of Woricer Skills 
Categoiy SldU 

Equipment 
Operadon 

Tunet LaAe, Novice Equipment 
Operadon Turret Ladie, Journeyman 
Equipment 
Operadon 

Mill, Novice 

Equipment 
Operadon 

Mill, Journey 

Equipment 
Operadon 

CNC Machining Center 

Equipment 
Operadon 

Lathe Setup 

Equipment 
Operadon 

Mill Setup 

Equipment 
Operadon 

CNC Machining Center Setup 
Administiation Job and Woiker Scheduling Administiation 

Production and Activity Reports 
Administiation 

Purchasing 

Administiation 

Oral Presentation 

Administiation 

Facilitator/Team Leader/Conflict Resolution 
Maintenance Routme Machme (Mechanical) Maintenance 

Machme Overhaul 
Maintenance 

Electronics Tech 
Quality 
Assurance 

SPC Quality 
Assurance Gage CaUbration/Verification 
Quality 
Assurance 

Gage Operation 

Based on the cell time to be expended on each activity and the nature of the employee 

interaction, the desired minimum number of people with each skill must be identified. 

Due to absenteeism, turnover, demand fluctuations, and scheduling flexibility, cross-

training of cell employees to provide redundancy will also be necessary. Thus, if a 

specific operation would require two Ml time operators, it may be specified that at least 

three employees possess the necessary skill. Personality-related traits such as leadership, 

conflict resolution, and tendency to meet deadlines may also be desired. Atthe basic 

level, we prc^se to identify these traits in individuals and force the distribution of such 

traits across cells by treating them as "skills" in the model. Subsequently, we use these 
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traits to develop personality profiles and model the desirability  ̂of the mix of profiles 

assigned to a cell. 

The above assumptions and considerations on the worker team formation problem 

suggest that this problem is not trivial. It naturally is a complex problem that includes 

Actors from manufacturing, production, human resources, and organizational behavior. 

The resulting model defines a hard deterministic optimization problem. In &ct, a special 

case in the basic model developed to solve this problem in Chapter 3 is NP hard. Due to 

the complexity of the problem, research needs to be done to develop solution methods 

besides modeling the worker team formation problem. 

Our work starts by reviewing the past research related to this problem in Chapter 2. A 

basic model for this problem is proposed and solved in Chester 3. Then we propose an 

advanced worker team formation model in Chapter 4 and develop solution methods for it 

The research on this dissertation topic is summarized and future work is identified in 

Ch^terS. 
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CHAPTER! 

Literature Review 

The research to date on cellular manufacturing has been focused on developing cell 

formation techniques to solve the problems of identifying machine groups and the 

corresponding part families. However, little research has been done for supporting 

cellular manu&cturing fix)m the aspect of labor organizatioiL The success of a wiammi or 

semi-automated manufacturing ceil highly relies on the worker team assigned to it The 

formation, training, and sustaining of a cohesive self-directed high performance cellular 

manufacturing team is an integral part of the successful implementation of a 

manufacturing cell. A team of workers are selected from the existing work force and 

given the responsibility and authority to complete required tasks and accomph'sh the 

production goal. This selection process in our worker assigmnent and training problem 

shares the similar nature with that in other assigmnent problems found in the operations 

research literature. The past work on assignment problems may be able to enlighten us on 

this research project Besides the technical skills each worker needs to possess to do their 

job, the teamwork skills, personality, attitude, and desire for doing a good job also 

influence an individual's job performance and the team performance as well CHitchcock 

and Willard [199S], Kolbe [1993], Lyman and Richter [1995], Stevens and Campion [1994]). 

The literature on the qualitative studies on high performance team formation and team 

member interactions will lead us to form guidelines and policies for team formation and 
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management Therefore, literature review for this dissertation topic has been focused in 

two aspects: 

1. Related assignment problems and their solution methods, 

2. Qualitative studies on high performance worker team formation. 

The review on qualitative studies on worker team formation covers the topics such as 

human &ctors in cellular manu&cturing, the concept of a self-directed team, and the 

impact of personalia-related traits on team performance, team process, and job training. 

2.1 Related Assignment Problems and Solution Methods 

Some literature exists to help identify, model, and solve similar assignment problems 

even though little research has been done for solving the worker assignment and training 

problem for cellular manufacturing systems. The solution methods, especially those for 

integer programming models, are explored. 

2.1.1 Related Assignment Problems 

Ebeling and Lee [1994] analyzed the cost and benefit of the employee cross-training 

process on a mued-model assembly line. A mixed integer programming model was 

designed to guide cross-training assignments for a specific number of assembly jobs and 

workers. The benefits of the training assignment over various time horizons were also 

examined in their research. Suer [1996] developed mixed integer and integer 

programming models to generate alternative operator skill levels and to achieve optimal 

product assignment to labor-intensive manu&cturmg cells. Min and Shin [1993] 
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developed a multi-objective model to fonn machine and human cells simultaneously but 

training was not considered in their model. Warner, Needy, and Bidanda [1996] tried to 

assign woikers to cellular teams based on the technological and human interaction skills 

fiom the viewpoint of organizational behavior. Crew-pairing optimization, and fleet 

assignment problems have been researched by the American Airlines decision support 

department (Abril [1989] and Anil et al. [1991]). The past research on similar problems 

suggests that the worker assigmnent and training problem can be modeled by an integer 

program. Therefore, the general solution techniques for integer programming models are 

reviewed in the next Section. 

2.12 General Solntioii Methods for Integer programming 

An integer programming problem OP) is a linear programming problem (LP) in which 

some or all of the variables are required to be nonnegative integers. Winston [1995] 

described integer progamming problems and the solution aproaches in a general way. 

The Simplex algorithm allows us to solve a large LP by going from one basic feasible 

solution to a better one with relatively small amount of computational effort There is not 

an algorithm like Simplex existent for IP even though the feasible region for an IP is a 

subset of the feasible region for the IP's LP relaxation. The feasible region for apure IP 

consists of a finite number of points. Such an IP can be theoretically solved by 

enumerating the objective values for each feasible point and deteimimng the optimal 

objective value. However, a complete enumeration to solve an IP with many feasible 

points would require a large amount of computer time. This makes some IPs difBcult to 
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solve >vhen their size gets very large. In practice, many IPs are solved by implicitly 

enumerating all the points in the IP's feasible region or settling for an ̂ )proximate 

solution. The existing general algorithms to solve an IP optimally include; 1) Branch-

and-bound method, 2) Cutting Plane Algorithm. 

Special-purpose algorithms have been developed for some IPs. When branch-and-

bound is used to solve Knapsack problems, subproblems for node bounds can be easily 

solved by first putting the best (in terms of benefit per-unit weight) item in the kns^sack, 

then the next best, and so on, until a fraction of an item is used to completely fill the 

knapsack. Some additional measures to reduce the computational time are used when 

TSP, Machine-Scheduling, and other problems are solved by branch-and-bound 

(Winston, [1995]). 

Dynamic Programming can be used to decompose an IP into anested&milyof 

subproblems. A recursive s^roach will then be used to solve the original problem finm 

the solutions of the subproblems. The 0-1 knapsack problem and the dynamic lot-size 

problem can be solved by a dynamic programming algorithm. Decomposition algorithms 

based on Lagrangian duality can also be used in solving IPs. Sherali and Adams [1990, 

1994] proposed a refomiation-linearization techinique for solving mixed-integer zero-one 

programming problems. 

Heuristics are also used to solve IPs. For example, the nearest-neighbor or cheapest 

insertion heuristic can be 2^Iied U> solve the Travelling Salesman Problem (TSP). 

Nemhauser and Wols  ̂(1988) described general heuristic algorithms to solve IPs. 

Heuristics such as K-opt interchange nuQr stop when thqr find a "locally optimal" 
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solution relative to the chosen neighborhood structure. Simulated annealing, tabu search, 

and genetic algorithms were reviewed by Rayward-Smith, Osman, Reeves, and Smith 

(1996) for obtaining a global optimum. In these £^proaches, we use a possibly 

intelligent, but random search technique to gradually find improved solution. The 

objective value is allowed to decrease occasionally to avoid getting stuck at a local 

optimum. 

Applications of beam search based heuristics have appeared in the recent years for 

solving combinatorial optimization problems. Beam search will be used extensively in 

this research and we therefore describe it in more detail in the next Section. 

2.1 J Beam Search 

Beam search is an abbreviated, partial enumeration version of the branch and bound 

method. It is a best-first and breadth-first search process with no backtracking. However, 

beam search only explores a limited number of nodes, those that appear the most 

promising for reaching an optimal solution. The number of nodes explored at each level 

is called the beam width w. Beam search uses an evaluation function to determine the 

promise of a node. The rest of the nodes at each level are pruned permanently so that 

beam search keeps the number of nodes to be further explored at each level to a 

manageable number. 

The evaluation function at a node is expected to provide a good estimate determining 

if the node should be kept for further exploration or be eliminated. The estimate or the 

result of the evaluation function can be an iqjper or lower bound of the objective function 
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of the problem being solved. The evaluation function can also be the local or global 

optimality criteria, feasibility test, heuristic result, or other estimate identifying the 

effectiveness of the node for achieving optimality. The computational time may be very 

short when the evaluation function is a very simple heuristic such as computation of a 

polynomial function, or, it may be long )^en greater effort is required to obtain a value 

for the evaluation fimction. Such may be the case for instance if a linear program was 

used. In solving an early/tardy and weighted tardiness scheduling problem, Ow and 

Morton (1988) used a simple one-step priority heuristic at each node to evaluate the node 

in one of their beam search based heuristics. They also completed the partial schedule 

represented by a node and obtained the schedule cost, which must be an upper bound on 

the best schedule cost reachable from the node. Their results showed that beam search 

using the iq>per bound, a global view at a node, as the evaluation function performed 

better than the beam search using one-step priority heuristic, v^ch is a local view at a 

node. 

A filtered beam search approach is introduced and used by Ow and Morton [1988, 

1989]. hi a filtered beam search, all the possible succeedmg nodes from a retained node 

go through a filter, and only a limited number, filter width f, of nodes are kept to the next 

level to be judged by evaluation function. Others are permanently pruned. A filter 

function acts like a filter to decide if a node is to be kept for the next level evaluation or 

tobedumped. The filter function should be significantly easier to evaluate than the 

evaluation function (Ow and Morton [1988]). The filtered beam search technique was 

also used by CofBn and Taylor [1996] in project selection and scheduling. 
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Because beam search only searches a certain number of nodes at each level and does 

not backtrack, it reduces the number of states to be examined and makes it possible to 

search a large space within a reasonable time. The trade-off is there is the possibility of 

missing the optimal solution because beam search may prune a node from which the 

optimal solution can be found. The effectiveness or the quality of the evaluation function 

and filter function determines if the beam search will find the optimal solution or how 

close to optimality the solution found by beam search will be. The evaluation ftmction 

and the filter fimction ate problem specific and come from the understanding of the 

problem to be solved. Nair et al. [1995] successfully used beam search to solve a product 

line design and selection problem. However, Winston [1984] pointed out that beam 

search might not work well ̂ ^iien the evaluation function estimates the promise of a node 

poorly or requires too much computational time. 

Little literature has been found showing a general rule to set the beam width w and 

filter width f. These two parameters were subjectively selected according to the problem 

size and structure in the past research. A combination of beam widths and filter widths 

were usually tested gainst the problem (Ow and Morton [1989], CofBn and Taylor 

[1996]). Gupta et al. [1992] used a beam search based heuristic with a relatively small 

beam width to find good quality solutions for project selection and sequencing. 

2 J High PerformaDce Worlnr Team Formation 

Worker groups are typically fomied in an ad hoc manner when CM is implemented. 

Despite the growing trend to knowledge based job design and theincreasing role of the 
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line worker in flexible manufiicturing, workers have been treated as an after thought with 

emphasis being placed on technological equipment Huber and Hyer [1985] found that 

CM neither increased nor decreased employee performance or satis&ction over that 

achieved in the fimctionally-designed unit Their research indicated that CM may be 

implemented without any adverse effect on employee morale. It should be noticed that 

more and more companies have identified employee satisfaction as a long-term 

performance goal for their organization. Human interactions, and employee morale in 

various businesses are receiving more attention. Hence, it is important to study the 

characteristics of cellular woiker teams from the viewpoint of the team building process, 

job and team training, team member interactions, and impact of the team member 

characteristics on team performance. The results will help us to improve team member 

job satisfaction and to form a cohesive peak performance team. 

The team formation problem can also be studied fiom non-personality related traits. 

Stevens and Campion [1994] studied the knowledge, skill, and ability (KSA) 

requirements for teamwork rather than personality traits. The ICS As were classified as 

interpersonal type and self-management type and fourteen specific KSAs were 

summarized for teamwork in their research. These KSAs would help human resource 

management in the areas of personnel selection and sta£5ng, perfonnance appraisal, 

career development, compensation, and job analysis. Wie will assume the KSA's are the 

skills that can be acquired through training. 

22.1 Concept of Scif-Directcd Cellnlur Worker Team 
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Woiicer groups are naturally formed after cellular manu&cturing is ̂ lied to a plant 

The worker groups can be considered as task groins, vdiich are brought together for the 

purpose of transforming inputs (raw materials, ideas, objects) into an identifiable output 

such as a physical product, a decision, a report, or some other "detectable environmental 

change"(White and Bednar [1986]). 

A general paradigm for analyzing relationships among the group input, group 

interaction process, and groiq) performance is depicted in Figure 2.1 (Hackman and 

Morris, [1975]). Personality characteristics, attitudes are part of the basic &ctors in the 

group input 

INPUT PROCESS OUTPUT 

Group 
Intsraclion 

Performance Outcomes 
(e.g., performance 

quality, speed to solution, 
number of em)rs) 

Group - Level Factors 
(e.g., structure, level of 
"cohesiveness",group 

size) 

Other Outcomes 
(e.g.. member 

satisfaction, group 
attitude change, 

sodometrfc structure) 

Individual - Level Factors 
(e.g., pattern of member 

skills, attitude, 
personality 

characteristics) 

Environmental _ Level 
Cohesiveness Factors 

(e.g., group task 
characteristics, reward 

structure, level of 
environmental stress) 

Figure 2.1 Relationship among group input process, and output 
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A self-diiected team is a small group of employees responsible for an entire work 

process or segment To varying degrees, team members work together to improve their 

operation or product plan and control their work, and handle day-to-day problems. The 

formation and process of teams was described in various literatures 0!.undy [1992] and 

Skopec and Smith [1997]). 

In the cellular manufacturing environment, a self-directed team is a small group of 

employees responsible for an entire manu&cturing cell. Team members work together to 

turn out products, maintain machmes and tools, and schedule their short term tasks and 

long term goals. The interdependent members in the team share most, if not all, the roles 

of a traditional supervisor (Willard [1995]). It should also be noted that a self-directed 

team can not do \^1latever they want. It must function within the corporate policies and 

plans. The Self-diiected team organization differs from the traditional organizations in 

the following ways (Wellins and George [1991]): 

• Th  ̂are usually leaner, with fewer layers of managers and supervisors. 

• The leader is more coach than planner and controller. 

• The reward system tends to be skill- or team-based, rather than senioriQr-based. 

• hiformation - such as productivity data, quality data, sales figures, and profit 

margins - is shared readily with all employees, not just the top few. 

• Employees are expected to leam all the jobs and tasks required of the team, not 

just a single job or task. 
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The fonnatioii of a cohesive team with high perfomiance comes fi:om the contiibutioii 

of every team member and the management Lundy [1992] outlined seven key thoughts 

about building teamwork; 

1) Establishing good teamworic may require substantial effort 

2) To be maintained at a high level, effective teamwork must be a high priority and be 

given constant attention. 

3) Good people won't automatically be good team players. 

4) Since different people have different ideas and interests, the challenge is to seek 

widespread understanding, to reconcile or at least to coordinate differences, and to 

capitalize on the combined abilities of group resources. 

5) Well-coordinated individuals can achieve results beyond the results obtained by 

the individuals working alone. This is the synergistic aspect of teamwork. 

6) People enjoy feeling good about the group they ate in, as well as feeling good 

about themselves. This has been called dualism. 

7) Teamwork, as so beaudfiilly demonstrated by the Three Musketeers, is a matter of 

"All for one and one for all." 

But the team concept is not a panacea. The team does not work well if we just simply 

pull together a group of people together and say "go forth and do good things." It takes 

hard work both from the team members and the managers to build successful teams. 

Snee et al. [1998] proposed to use evaluations or reviews to assess team performance, 

make midstream corrections, and identic systemic barriers that hinder team process. The 

proposed evaluation is self-evaluation by team members, periodic management reviews. 
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and major organization reviews. The management system must also ensure that teams are 

linked to the strategic direction and are managed effectively across the organization. 

2 J J Team Roles 

A 10-year study of team roles by Roger Mottram [1982] identified eight team roles. It 

is the balancing and managing of the positive and negative factors of these roles that 

make for a great team: 

1) The chairperson coordinates and controls group resources. 

2) The shaper prefers to sh  ̂decisions directiy and personally, and is noted for 

action and quick results. 

3) The innovator is able to advance new ideas and strategies, independent of his or 

her own professional expertise. 

4) The company worker accepts situational limitations and conventions, while 

buckling down to get the job done. 

5) The monitor evaluator analyzes ideas and determines feasibiliQr. 

6) The team worker puts people first and is concerned about their feelings, needs, and 

concerns. 

7) The resource investigator has a driving need to explore resources and ideals 

outside the groi ,̂ and to develop a wide range of external contacts. 

8) The completer keeps the team on its toes by helping it avoid errors. 

The Molding of these complementary roles promotes maximum team performance. 
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2J23 Personality and Job Performance 

Past research work has shown that personality and job performance are related to some 

extent (Tett and Jackson [1991]). While the job skills and experiences must be 

considered to select workers into a cellular manu&cturing team, personality-related traits 

such as leadership, conflict resolution, and tendency to meet deadlines may also be 

desired. Barrick and Mount [1991] analyzed five major personality dimensions and job 

performance and concluded that certain personality traits could be valid job performance 

predictors for some occupations and some criterion types. For example, extroversion was 

a valid predictor for managers and sales positions involving social interactions. 

Conscientiousness showed consistent correlation with the job performance of all the 

tested occupational groups (professional, police, managers, sales, and skilled/semi

skilled). One characterization of personality types follows division into Rational, 

O^anized, Loving, and Energized ̂ OLE) (Kembel [1996]). A person can be a blend of 

personality types with one or two that stand out more strongly. Personality types can be 

roughly identified by a quiz. Each type of the personality has different characteristics 

with the motivations and goals, learning process, the way of communication, leadership 

and management Understanding personality types also helps people to develop their 

character to be more balanced, easier to get along with, more well-rounded and ad^tive. 

The Least Preferred Co-Wbrker (LPC) measure is a tool to evaluate the social distance 

between two team members, hi such a measurement system, each individual is rated on a 

series of 16 to 25 eight-point bipolar adjective pairs such as uiq)leasant-pleasant, 

uncooperative-cooperative, and mefBcient-efScient The positive end of each adjective 
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pair is assigned a value of 8 and the negative end a value of 1. The total LPC score is 

calculated by taking the sum of values for each of the adjective pairs, bdividuals having 

high scores are termed high LPCs and the individuals having low scores are termed low 

LPCs. One of the interpretations of the LPC score is the high LPCs are hypothesized to 

perceive less social distance between themselves and their least preferred co-worker 

(HofOnan [1984]). Schriesheim et al. [1994] used LPC scores to further characterize 

leadership performance predictions. 

Job skills and experiences define cognitive c^bility and can be acquired by job 

training or self-teaching. In addition to cognitive skills, job perfonnance and team work 

are also related with individual's personalia-related traits. One indicator measuring the 

Personality-related traits is Myers-Briggs Type Indicator (MBTI). McCauUey [1990] 

examined the history, characteristics, and use of the Myers-Briggs Type Indicator (MBTI) 

from the year of 1976 to 1989. MBTI is an instrument developed through clinical 

experience supported by research. C. G. Jung created and tested the model in his clinical 

practice. Isabel Briggs Myers studied Jung's model intensively and developed the 

indicator to make it possible to test and use Jung's theory with nonclinical populations. 

By this test, people can be identified with bi-polar preferences for four dimensions. The 

four preferences generate 16 types. The four dimensions are shown in Table 2.1. 

The 16 standard personaliQr types can be defined by different combinations of the 

preferences for the four dimensions as: 1) ESTJ, 2) ESFJ, 3) ENTJ, 4) ENFJ, S) ESTP, 6) 

ESFP, 7) ENTP, 8) ENFP, 9) ISTJ, 10) ISFJ, II) INTJ, 12) INFJ, 13) ISTP, 14) ISFP, 15) 

INTP, 16)INFP. 
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Table 2.1 MBTI Type Categories 

Negative Preference Dimension Positive Preference 
Extroversion E Source of energy Introversion 1 

Sensing S Taking in data INtuiting N 
Thinking T Reaching conclusions Feeling F 
Judging J Dealing with the world Perceiving P 

The MBTI helps one understand the life-long development pathway of each individual 

to relationships among persons in a group. Lyman and Richter [1995] used MBTI in 

forming a quality function deployment team. Team members who were tested by MBTI 

had a better understanding of each other and this helped the team members to work 

together more effectively to accomplish team goals. But, in reviewing the literature we 

have not found any attempts to quantitatively relate team performance to the combination 

of team member MBTI Qi)es. 

Kathy Kolbe (1993) developed the Kolbe Conative hidex (KCI) to measure the 

conative traits of individuals. The Kolbe System provides a systematic technique for 

measuring the conative tendencies of individuals, identifying their suitabiliQr for specific 

jobs, and measuring the synergism of a proposed interdependent team of workers. The 

KCI measures an individual's basic instincts towards the action modes of Probe, Pattern, 

luiovate, and Demonstrate. Values indicate instinctive tendencies on a scale &om 

resistance to initiation of actions within each form, hi each dimension, values between 0 

and 3 indicate a nature towards resistance to that action, and, values between 7 and 10 

indicate a procliviQr towards mi/iaringactionsofthatfotm. The Kolbe A ind«c measures 

the realiQr of an individual's instincts, Kolbe B measures the self-assessment of 
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expectations, and Kolbe C measures the lequixements for a job. The Kolbe Right Fit 

model evaliiates the match between an individual and a job. Individual productiviQr 

varies significantly due to the level of match (or mismatch) between an individual's 

assigned role and their natural instinct The Kolbe system has been shown to have high 

reliability in predicting the success of teams where interdependent interactions are 

required by woricers to complete tasks. The combination of individual types that produce 

the most effective teams have been identified. The Kolbe model indicates that a team 

will be well balanced and productive if it is ideally composed of individuals that 

aggregate to a 25%, 50%, 25% mix of biitiator, Responder, and Preventer/Resistor across 

the four action modes. 

Kolbe concept tends to divide personality-related traits into affective traits and 

conative traits. Affective traits are the values or beliefs people hold against their life or 

work. They can be expressed by an individual's MBTItyrpe. The conative traits, 

measured by Kolbe system, show the instincts and the internal desires people have 

towards certain kinds of behaviors. 

The past research on the influence of human fectors on team performance shows that a 

successful team is not only a combination of members with strong technical skill but also 

a right mix of people v^o can work cohesively together to achieve team synei .̂ 

23 Conclasioii of litenitiire Review 

Our finHlngg can be summarized as follows: 
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1. Particular research on worker assignment and training for converting a facility 

fix)ni a functional jobshop orientation to a cellular manu&cturing configuration 

was not found though some studies were done for similar assigmnent problems 

using mathematical programming models and corresponding solution methods. 

2. Qualitative studies exist on how to form a high performance self-directed 

but these studies were not directly pointed to the worker team formation 

problem in a celliilar manufacturing environment 

3. Only minimal research has been done to cover both the technical and human 

factor issues in a quantitative way for solving a team formation problem. 

However, measures such as MBTI or Kolbe Index exist to characterize an 

individual and guidelines exist for the desired team mix of these qualities. 

We hypothesize that the conversion of manufacturing facilities from fimctional 

jobshop orientation to a cellular manu&cturing configuration requites worker 

reassignment and cross-training to be done in a scientific approach to ensure productivity 

growth. On the basis of the findings finm the literature review, this dissertation research 

will quantify the technical and human requirements for a successful cellular worker team 

and model the worker assigmnent and training problem with an integer programming 

technique. We also develop solution methods for the models. 

The knowledge, skill, and ability (KSA) requirements identified by Stevens and 

Campion (1994) for teamwork can be treated and modeled as technical skills for the 

operations of a manu&cturing cell. According to the KSAs a woricer possesses, he or she 

can be selected into a suitable team and be trained on the required KS As the individual 
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does not have yet Given that the MBIT Qqpes ate measured for the workers and ate to 

known to each member in a cellular team, the team knows the things comfortable or 

uncomfortable for a member. Even though a good balance of personality  ̂types in a team 

helps improve the chance of the team success (Lyman and Richter [199S]), there is not a 

quantitative criteria of this kind of balance in the past literature. The current practice on 

the MBIT is to guide team members to strengthen their effort M^en they are doing 

something they are not comfortable with. The MBTT is used as a tool to &cilitate team 

interaction and not as a team member criterion. The KCI (Kolbe [1993]) measures an 

individual's basic instincts towards the four action modes of Probe, Pattern, hmovate, and 

Demonstrate and the ideal combination of individual types that make up the most 

effective teams have been identified. The Kolbe system has been proven effective in 

predicting the team performance in the past literature. In this dissertation, we use KCI to 

define the human factor tendencies of wodcers and quantitatively model the human factor 

criterion for a high perfonnance team given that KCI score of each worker is measured. 

Two major questions that will be addressed by this research are: 

(i) Assume we know the skills and number of workers required for the woriccells, 

training cost for each skill, and the existent woricer proficiency at different 

skills. How should the workers be assigned to each ceil and vliat training 

program should be allocated to the needed employees to ensure the fimction of 

the manu&cturing cells? 

(ii) Assume we measure a woricer's non-technical traits. How can we model the 

woric team formation problem with the considerations of these non-technical 



conditions in addition to those given in the above question and develop 

solution methods for the models? 
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CHAPTERS 

Basic Assignment and A^regate Training Model 

The team of workers assigned to a cell must have the required technical and team 

skills to accomplish various tasks. A worker can be a new hire or an internal transfer. 

The worker may have none of the skills requested by the cell or may be a senior 

technician with multiple skills and training in leadership. Training of workers becomes 

necessary ̂ en the team does not meet the cell skill requirements. Cross-training of 

workers does not only make the workers more skillful at the cell operations but also 

increases their market value. But unnecessary or redundant training will lead to high 

training cost and reduced valid working hours. Given the limited budget to reform the 

traditional production line into manu&cturing cells, training cost is a major concern for 

management. 

In this chapter, we propose a model that will determine the assignment of workers to 

cells and the aggregate training needs for each cell based on above thoughts. This model, 

termed PI, is an integer programming model. The model minimizes the aggregate 

amoimt of training required while it ensures the skill requirements are met. Besides the 

description of model PI, the structure and characteristics of model PI are investigated in 

Section 3.1. We first prove that model Pi is non-unimodular. Then we prove that a 

special case of model PI is in NP hard class. In the last part ofSection 3.1, the 

optimization software package CPLEX is initially used to solve the test samples of model 

PI by branch and bound. Alternative solution methods including greedy heuristics and 
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beam search based heuristics for model PI are developed and described in Section 3.2. 

Thai we compare the test results of our solution methods with the results by CPLEX in 

Section 3.3. The research on model PI is summarized in Section 3.4. 

3.1 Formulation and Characteristics of Model PI 

Given that the skill level of each worker, the labor requirements of each cell, and 

training cost for each job skill ate known, this model will determine the cell assignment 

for each individual worker. However, the model will not provide the precise training 

schedule for each worker and may be infeasible to the original problem in that some 

workers may be required to satisfy too many requirements if they have a variety of skills. 

This latter concern should not be a problem if significant training is anticipated. The 

advantage of the model is that it provides worker assignments subject to aggregate 

capacity constraints with fewer integer variables than the subsequent more detailed 

formulation proposed in Chapter 4. The model assumes known part demand and a stable 

workforce. 

3.1.1 Model PI Formulation 

Decision Variables: 

Yuc - binary indicator, 1 if worker i is assigned to cell k and 0 otherwise; 

Zjk - number of workers to be trained for skill / in cell  ̂

Data rneflRcienter 
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Qij = 1 if woricei i has skill j, 0 otherwise; 

Cj = cost to train a worker in skill /; 

Sjk =• amount of skill / needed in cell k; 

Sk - number of employees to be assigned to cell t. 

The mixed integer programming fonnulation is then: 

(3.1) 

(3.2) 

(3.3) 

(3.4) 

(3.5) 

The objective function in Equation (3.1) accumulates the cost of training. We assume 

that training cost is skill dependent and not worker dependent In reality, one would 

expect that the set of woikers assigned to the cell would be evaluated by management for 

(tetennining the most qipropiiate individuals to receive training in each skill. Equation 

(32) ensures that each worker is assigned to exactly one cell. Equation (3.3) forces the 

Subject to: 

PI: Mmimize Training Cost =2 
k j 

= 1 ,  for all 2 

t 

:foraU/andt 

Yijc Oor 1; Z .̂   ̂0 
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model to assign the appropriate number of workers to each cell. The model assumes that 

machines and part families have already been assigned to cells. Based on demands and 

organizational plans for cell autonomy, this should determine the total labor requirement 

for the cell. Thus labor requirements, St are assumed to be inputs to the model. Equation 

(3.4) determines the training requirements for each cell. For each skillj, we first 

accumulate the existing level of that skill possessed by workers assigned to the cell. We 

then force the skill training variable, Zjk, for that cell to bring the total skill level to that 

required by the machines, part &milies and administrative duties assigned to the cell. 

Finally, Equations (3.5) enforce the binary restrictions on whether or not each worker is 

assigned to a ceU and the nonnegative restriction on skill training for the employees of 

each cell. 

The model can consider several additional situations. Consider for instance the option 

of new hires. Given the existent production system, there is an upper limit for the 

throughput rate. New hires and equipment may be needed or desirable. Potential job 

descriptions can be added to the input with hiring cost replacing training cost. Pseudo 

workcells in the model can be used for holding machines and/or workers that will not be 

retained. 

3.1.2 Non-Unimodiilarity Proof 

For some integer programming problems (IPs), the optimal solution to the LP 

relaxation will also be the optimal solution to the IP. Siq>pose the constraints of the IP 

are written as AX-b. K^the determinant of every square submatrix of A is +1, -1, or 0, the 
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matrix A is called unimodular. MA is unimodular and each element of 6 is an integer, the 

optimal solution to the LP relaxation will be integer (See Sh^iro [1979] for a prooQ and 

will therefore be the optimal solution to the IP. It can be shown that the constraint matrix 

of any Minimum-cost Network Flow Problem (MCNFP) is unimodular. In general, the 

more an integer programming model looks like an MCNFP, the easier the problem is to 

solve by branch-and-bound methods. If the coefficients of variables in an IP formulation 

are +1, -1, or 0, it might make the problem easier to solve. Since the aggregate training 

and basic assignment model PI has some similarities with an MCNFP and its variables 

have coefficients of 1 or 0, it is first examined to see if the constraint matrix of model PI 

is unimodular. Ifthe constraint matrix of model PI is unimodular, it is easy to solve PI 

because the optimal solution for LP relaxation of model PI will also be the optimal 

integer solution. 

The right-hand side of model PI, iSit'f and '5, are integer. Ifwe can find an instance 

for \«^ch the optimal solution for the model PI is different from the optimal solution of 

its LP relaxation, the non-unimodularity of model PI constraint matrix is proven. 

Assume we have an instance as follows. 

There ate four existent workers. Two manu&cturing cells need to be formed with two 

workers in each cell, i.e., St "= 2, for = 1 and 2. Four skills are needed in each cell with 

one worker for each skill, i.e., Sjt-1, for/ "=1,..., 4; t 1 or 2. The current skills each 

worker has are shown in the skill coverage matrix in Table 3.1. It is assumed that the 

training cost is identical for each skill, i.e., all Cj -1. 
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There are only three feasible solutions because the two cells have to be formed with 

the same skill and labor requirements, fostead of using branch and bound to solve this 

problem, we can simply compare the three solutions and identify the optimal one. The 

three integer solutions are listed as follows. 

Table 3.1 ai values of the four workers 
Skill Worker 1 Worker 2 Workers Worker4 
S1 1 0 1 0 
S2 0 1 1 0 
S3 1 1 0 0 
S4 0 1 1 0 

Solution 1; CeU 1 has worker 1 and 2. Cell 2 has worker 3 and 4. It is obvious that 

one worker in cell 2 has to be trained to acquire skill 3. 

Solution 2; Cell 1 has worker 1 and 3. Cell 2 has worker 2 and 4. One worker in cell 

2 has to be trained to acquire skill 1. 

Solution 3: Cell 1 has worker 1 and 4. Cell 2 has worker 2 and 3. Skill 2 and 4 in cell 

1 has to be trained and assigned. 

Either of these solutions requires training so that training and training cost will occur. 

The optimal solution will be solution 1 or 2 with 1 unit of training cost 

For this instance, if we relax model PI to an LP, we can see that by assigning half of 

each worker to each ceil, all the skill coverage are satisfied and all other constraints are 

also satisfied. This solution does not require any training. The optimal solution for the 

LP relaxation of model PI is different fiom that for the IP. Thus, the constramt matrix of 

model PI is proven to be non-unimodular. 
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For completeness, the constraint matrbc of the above instance can be shoivn as in 

Table32. The square submatrix marked by dotted area has a determinant of 2. 

Table 3.2 Constraint Matrix of Example 3.1 
Y11 Y12 Y21 Y22 Y31 Y32 Y41 Y42 Z11 Z21 Z31 Z41 Z12 Z22 Z32 Z42 

Y1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
Y2 0 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0 
Y3 0 0 0 0 1 1 0 0 0 0 0 0 0 0 0 0 
Y4 0 0 0 0 0 0 1 1 0 0 0 0 0 0 0 0 
S1 1 0 1 0 1 0 1 0 0 0 0 0 0 0 0 0 
S2 0 1 0 1 0 1 0 1 0 0 0 0 0 0 0 0 

S11 1 0 0 0 1 0 0 0 1 0 0 0 0 0 0 0 
S21 0 0 1 0 1 0 0 0 0 1 0 0 0 0 0 0 
831 1 r» 0 0 0 0 1 0 0 0 0 0 
841 0 ; ^ f «.r 0 0 0 0 0 1 0 0 0 0 
812 0 ' f 0 0 0 0 0 0 1 0 0 0 
822 0 -rm-: 0 0 0 0 0 0 0 1 0 0 
832 0 It 0 0 0 0 0 0 0 0 1 0 
842 0 0 0 1 0 1 0 0 0 0 0 0 0 0 0 1 

It can be further shown that a special case of model PI is NP hard. 

3.U Complexity of Model PI 

With regard to computational complexity, problems can be divided into two classes; P 

and NP (Nemhauser and Wolsey [1988]). The class P contains all problems for which 

algorithms with polynomial time behavior have been found while the class NP is the set 

of problems for ̂ ch algorithms with exponential time complexity have been found. 

Class P is contained in NP. A problem lying in NP is NP-complete if every other 

problem in NP is polynomially reducible to it. The NP-complete problems form a 

subclass of NP and this subclass consists of the hardest problems in NP. Some well-

known problems such as Set Covering, Traveling Salesman, and Job-shop Scheduling are 

NP-complete. When the associated recognition (decision) problem is NP-complete and 
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the optimizatioii problem can not be solved in polynomial time, the optimization problem 

is said to be NP-hard. 

The basic assignment and aggregate training model dejSnes a problem resembling the 

set covering problem. In this Section, we show that set covering problem can be reduced 

to a special case of model PI. 

Set Cover problem (Garey M. and Johnson D. [1979]) is described as follows: 

Instance: Collection C of subsets of a finite set S, positive integer  ̂{C|. 

Question: Does C contain a cover for S of size K or less, i.e., a subset CcC with 

|Cj < /T such that every element of S belongs to at least one member of C *? 

Let5= andC= {C/,...,C„} where QcS , j€j= 

Algebraically, the set covering problem appears as follows. 

n 

Afinimize ^xj 
M 

n 

J^asixy^l, i = 
y-i 

XJ = 0,l 

X/ = 1 ify is in the cover; otherwise, = 0 

aij = 1 if i^Cj; otherwise, % = 0 

Let be a special case of the basic assignment and aggregate training problem. QI 

has only two manu&cturing cells to be formed. For the two manufacturing cells, each 

cell needs Sk workers, 2. /is the set of skills required in ceU one and cell one needs 

one unit of each skill. for every/. Cell two does not require any skills. We also 
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know the a,y's> % = 1 if worker i has skill /, 0 otherwise; cj - cost to train a woiker in 

sl  ̂j and Cj >0. The decision problem of Q1 is 

QlitK. Does a solution for Ql with objective {2)^0 exist? 

Let S=Sji. The skill set a worker possesses is a member of C, and all workers form C, 

and |C| = 5i+52. Let K=SL The set cover problem can be expressed as Qldect can we 

select SI workers out of worker pool C and group them together as tiie worker team for 

cell one and the skills of this worker team cover the skill requirements of cell 1, \^ch is 

Sji- The left workers S2 will be assigned to cell 2, where there is no skill requirement. 

If we can solve the above set cover problem or the answer to Qliee is yes, we form two 

worker groups and assign them to each cell respectively with no training cost If there is 

no solution for the set cover problem above, training cost occurs and the answer to QÎ K 

is no. 

Hence, the decision problem of Ql is proven to be NP-complete. When the decision 

problem is NP-complete and we can not solve the associated optimization problem in 

polynomial time, the optimization problem of Ql is NP-hard. As such, we do not expect 

to be able to solve large instances of PI to optimaUty, and it may be necessary to consider 

heuristic solution methods. 

Before we develop specific solution methods for model PI, the model is tested with an 

optimization software package CPLEX using branch and bound. The software is 

implemented on a Sun 4 woricstation. 

3.1.4 Experiment Results for Model PI by Cplex 
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A full factorial model with crossed factors is used to evaluate the model PI. We use 

the number of workers per cell, number of cells, number of skills, and initial skill level of 

work force as factors in our experiment It is assumed that each cell has the same number 

of workers. The low and high levels for the number of workers per cell is 2 and 8. These 

levels are also used for the number of cells. The number of skills is set to one (Low) and 

two (High) times the number of workers per cell. For the case that a large portion of 

employees possess multiple skills before &cility reconfiguration, and thus the cells to be 

configured do not require a lot of new skills, we let worker i have skill j with probabiliQr 

a 0.80 for every i and/. Probability a is set to be 0.50 and 0.20 for the other two levels 

of this factor. It is assumed that each cell needs at least one worker trained in each skill. 

(Note that cross-training to cover abseenteism, etc. could easily be handled by increasing 

the value of i^j^). Ten replications are generated for each problem size. The cost to train a 

worker in a skill, Cj, is assumed to be a random number unifomily distributed between 1 

and 10. The average computational times and solutions are compared in Table 3.3. 

Niraber 
of Cells 

Niinfaerof 
Wofkcfs/CeU 

Nianber 
of Skills Ftobibilitir a = 0.20 PtobabiU& a = 0.50 ftobability a =0.80 

Niraber 
of Cells 

Niinfaerof 
Wofkcfs/CeU 

Nianber 
of Skills 

souoon lime 
(Seoond) Cost 

soiuocn line 
(Seoond) Cost 

souDon lune 
(Seoond) Cost 

2 2 2 0.015 163 0.019 3.4 0.012 0 
2 2 4 0.015 35.1 0.015 9.8 0.02 0 
2 8 8 0.019 10.7 0.018 0 0.021 0 
2 8 16 0.026 19.9 0.024 0 0.03 0 
8 2 2 0.033 62.9 0.029 3.6 0.024 0 

8 I 2 4 0.048 122.1 0.16' 6.625* 0.033 0 
8 8 8 0.69 5J 0.137 0 0.I4I 0 
8 1 8 16 10.051 11.6 0212 0 0.189 0 

* Two of the ten replications could not be solved in 3600 seconds. They are excluded fiom the analysis. 
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From the table, we can see that the compiitational time increases viien the problem 

size becomes larger. Generally, increases in the number of cells and number of workers 

per cell resulted in greater solution times. For the largest problems, greater 

computational time was requited for the case of a - 02. The most significant &ctor 

however was the number of skills. If the problem data was such that no training was 

required or virtually all woricers needed to be trained, solution was quick. If the 

algorithm had to decide how best to use a large but insufScient set of initial skills, then 

solution times grew rapidly with problem size. Note that two replications in the problem 

size group of 8 cells, 2 workers per cell, and 4 skills at probability level 0.50 could not be 

solved in the allowed time. We did not include these in the average time and cost 

calculation. For information, ten additional random problems were solved under this set 

of conditions. Three ofthose ten problems failed to tenninate within 3600 seconds. A 

further look at these sample problems and their corresponding solutions showed that 

branch-bound reached a feasible integer solution with the optimal objective value in 3600 

seconds, but Med to identify the optimality of the solutions. 

3  ̂Developing Solution Methods for Model PI 

The preliminary tests against model PI showed that the commercial optimization 

software could not guarantee to give us an optimal solution in a reasonable time. In order 

to provide man^ement a good solution in a short time, it is necessary to develop an 

efiScient and effective solution method other than the general branch and bound method 

for solvii  ̂PI problem. Greedy heuristics enlightened by the natural selection and 
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assignment process are first developed. Since the PI problem is complex and greedy 

heuristics do not exploit the problem structure very deeply, we develop two types of 

beam search based heuristics. The first type uses the upper bound on the optimal solution 

obtained by greedy heuristic at each node to evaluate the promise of that node. The 

second type uses the LP lower bound at each node as evaluation function. 

32.1 Greedy Heuristics 

To provide the management with a simple approach to assign the workers to the cells, 

three greedy heuristics are developed with further considerations on worker priorities and 

constraints in model PI. The primal thought for the greedy heuristics is that if every 

worker's skills are utilized to the maximum extent or redundant skills in each cell are 

minimized, the training cost is also reduced. 

32.1,1 Woriccr Oriented Greedy Heuristic 

In this heuristic, the workers are rank ordered by the value of skills they have. The 

selection and assignment process starts fix)m the beginning of the list and goes on until all 

workers are assigned and the list is empty. We attempt to match worker skills with cell 

needs. The amount or value of skill for a worker WSt is the summation of the number of 

each skiU the worker has times the training cost of each skill, i.e., WSi =• . 
j 

Prioritizing on the amount of skill WSf enables the more valuable workers to be assigned 

earlier. Otherwise, they may be left behind and have to fit inU) a cell iJtiiere their slrilTs 

maynot be utilized. We use an example to explain the motivation. Si^poseacellcan 
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take two workers and it requires one unit of skill A and skill B. If this cell has already 

taken two workers with no skills and there is a woricer with skill A and skill B available 

in the woricer pool, then this woricer can not get into this cell due to headcount constraint 

and thus training cost will occur. 

After a worker is assigned to a cell, the woricer is taken out of the available woricer list 

and the remaining skill requirements of the cell is updated by the deduction of the 

worker's skills that fill the cell skill requirements from the existent skill requirements of 

the cell. If the labor requirements of a cell are met, the cell is taken out of the available 

cell list 

At any level of the worker assignment, the cells that still have vacancy are compared 

and one cell is selected for the worker. The selected cell is the first cell that needs all the 

skills of this worker to be assigned. If none of the cells can cover all the skills this 

woricer possesses, the first cell in which this worker has the least unutilized skill amount 

is chosen. The skill amount is the multiplication of a skill and training cost for that skill. 

By comparing the unutilized skill amount instead of the skills, the market value of a skill 

is taken into consideration. For example, if a worker to be assigned has one unutilized 

skill in either of the two ceUs, the worker should be assigned to the cell in ̂ ^ch the 

unutilized skill of this worker has the least training cost This selection rule tries to 

utilize the woricer skills to the maximum so that the training cost can be saved. 

The selection and assignment process goes fiom the top level to the next level until the 

last worker is assigned. 
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The procedme of the worker oriented greedy heuristic for model PI is distilled fiom 

the above thoughts as follows. 

Woricer Oriented Greedy Heuristic for Model PI 

Step 0; Put all the workers in the unassigned worker pool U = {1, 2, .... 1} and all the 

cells in the cell pool C = {1, 2, .... K}; 

Step 1: Pick the worker /* =arginax{FFS:/eC/}. ^there is a tie, the first one in the list 

is picked; 

Step 2: If 3k' such that skill requirements of cell k*, 

Assign worker i' to cell k*; If there is a tie, the first k* is selected; 

Else 

Let k* = aigmia(^a^jCjSj  ̂ if Sj  ̂ = 0; = 0,otherwise, keQ, 
J 

Assign worker i' to cell k'; If there is a tie, the first k' is selected; 

(This assigns worker to minimis imused skill value) 

Step 3: Sjk* = Sjk*-aift for allj and Sj ,̂  ̂1 ; 

StepA:U=-U-{i*};  

Step 5:Sf  =Sf  -  1; 

Step6: tfSk«=0, 

C = C-{k'}; 

Step7:]fU=^,  

Stop; 

Else 
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Go back to Step L 

The designed experiment in Section 3.1 is used to test this heuristic and test results are 

presented and compared with the results by other heuristics in Section 3.3. 

3 .̂1.2 Cell Oriented Greeify Heuristic 

The cell oriented greedy heuristic prioritizes on cells instead of prioritizing on 

workers. Like the worker oriented heuristic, a worker is matched and assigned to a cell at 

each level of the selection and assignment process. The cell with the largest amount of 

skill requirements CSt in the available cell pool is picked out at each level of assignment. 

The amount of the skill requirements of a cell is the summation of the number of each 

skill required times the training cost of each skill, i.e., CS  ̂ = ̂ Sj^Cj. In this way, 
J 

besides the number of skills, the market value of the skills is also considered in ranking 

the cells. The available woricers are compared and one of them is selected and assigned 

to this cell. We first select the workers with the most skill value that can be utilized in 

this cell. The amount or value of skills WKtk a worker i uses in a cell k can be expressed 

as S jk =1, if cell needs skilly of worker/{Sj,̂  =1), 
J 

otherwise, S jk =0. Then the worker with the least unutilized amount of skills is selected 

from this list and assigned to this cell. The unutilized value of skills MPK^can be 

expressedas NWK  ̂ =1, if cell A: does not need skill/of worker* 
J 

=0), otherwise, =0. The amount ofskill is weighted by the training cost for 
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skills. After the assignment at one level is done, the assigned woiker is taken out of the 

available worker list and the remaining skill and labor requirements for the cell are 

iq)dated. The cell is taken out of the available cell list if its labor requirements are met 

This process proceeds until all the workers are assigned. 

The cell oriented greedy heuristic for model PI can also be described in the following 

procedure. 

Cell Oriented Greedy Heuristic For Model PI 

Step 0: Put all the workers in the unassigned worker pool U = {1, 2, ..., 1} and all the 

ceUs in the cell pool C = {1, 2, K); 

Step 1; Pick the cell k'  = argmax{CiS'j( ikeC).  If there is a tie, the first one in the set is 

selected; 

Step 2: For set 5={/1 WKi tWKf,fe U}. Let z* = atgvm{NWKa.: i e iS). Assign 

worker i* to cell k'. If there is a tie, the first /* in the list is selected; 

Step3:i^*»=i5**-fl/7,forall/and Sj  ̂>1; 

Step4:U=U-{i*}', 

Step 5:Sk* =Sk» - 1; 

Step6:IfSic« = 0, 

Step7:]fU=^,  

Stop; 

Else 
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Go back to Step 1. 

We also use the designed experiment in Section 3.1 to test this heuristic and test 

results are presented and compared with the results by other heuristics in Section 3.3. 

3 Best Worker-Cell Oriented Greedy Heuristic 

Like the worker or cell oriented greedy heuristic, the best worker-cell oriented greedy 

heuristic does the worker selection and assignment from level to level until all workers 

are assigned. A worker is matched and assigned to a cell at each level of the process. 

This greedy heuristic does not prioritize on worker or cell. At each level, all the available 

workers are permuted against the available cells and the best match is decided. The 

worker in the match is assigned to the cell in the match. For each possible match of a 

worker and a cell, the amount of utilized and unutilized skills of the worker in the cell is 

calculated by the same definition of WKuc and NWKit in the cell oriented greedy heuristic. 

We first select the matches with the most amount of utilized skills, i.e., the matches with 

value of max{ WKuc, for all i and k}, into a list £. The best worker-cell match is the 

match that has the least amount of unutilized skills in the list I. By selecting the best 

woiker-cell match at every level, we intend to maximize the utilization of an individual's 

skill in a needed cell and minimize the unutilized skills so that the training cost can be 

reduced. Afier the assignment at one level is done, the assigned worker is taken out of 

the available worker list and the left skill and labor requirements for the cell is updated. 

The cell is taken out of the available cell list if its labor requirements are met. 
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The best woiker-cell oriented greedy heuristic for model PI can be described in the 

following procedure. 

Best Worker-Cell Greedy Heuristic For Model PI 

Step 0: Put all the workers in the unassigned worker pool U = {1, 2, .... 1} and all the 

cells in the cell pool C = {1, 2, .... K}; 

Step 1: For set S={Q,k}\WKjj, >WKf ,̂,feU,k'eC),let 

=atgminlNWKf ,̂ (i,k) e S}. Assign worker /* to cell k*. If there is a tie, 

the first match (i'X) in the list is selected; 

Step 2: Sjf = Sjk'-ai*f,fot allj and 

Step4:5f =5*. -1; 

Step 5: IfSk* = 0, 

C = C-{k'}; 

Step 6: If 17= ,̂ 

Stop; 

Else 

GobacktoStep 1. 

The designed experiment in Section 3.1 is also used to test this heuristic in Section 

32.1.4 Numerical Examples for the Gree  ̂Heuristics 
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We use an example in this Section to demonstrate our heuristics for problem PI. 

Consider the following example. 

There are four existent workers. Two manu&cturing cells need to be formed with two 

workers in each cell, i.e., St = 2, for 1 and 2. Four skills are needed in each cell with 

one woricer for each skill, i.e.,̂ it= l,for/=l, ...,4; k= I or 2. The current skills each 

worker has are shown in the skill coverage a// matrix in Table 3.4. The training cost cj for 

each skill is shown in the last column in the Table. The skill value of each worker is 

calculated in the last row in the Table 3.4. 

Table 3.4 Skill values of the four workers 
Skill Worker 1 Worker 2 Workers Worker4 Training Cost 
S1 0 1 0 0 5 
S2 0 1 0 0 8 
S3 1 1 0 1 8 
S4 0 0 1 1 7 

Skill Value 8 21 7 15 

3 J.1.4.1 Worker Oriented Greedy Heuristic Solution 

In the worker oriented greedy heuristic, the workers are assigned to cells by their skill 

value in a descoiding order. 

Woricer 2 is first picked. All two cells have the same initial skill requirements. The 

first cell that can use all the worker 2's skills is cell 1. We assign worker 2 to cell 1 and 

iq)date the skill requirements of cell 1 to 5/  ̂= 1 and 5// = 5/2 = 5/j=0. 

We pick wodcer 4 next and assign him or her to cell 2 ̂ A^chis the first cell in the 

available cell Ust that can utilize all the skills of worker 4. The skill requuements of cell 

2 are updated to Si/= S22 = I and =0. 
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We pick worker 1 next Worker 1 only has skill 3 and neither cell 1 nor cell 2 needs 

skiUs3now. We assign the worker 1 to the first cell that can take a worker. Itiscelll. 

No skill requirements need to be updated. 

Finally, we pick worker 3. Worker 3 has to assigned to cell 2. No skill requirements 

need to be updated. 

The final solution can be listed as follows. 

The Worker Oriented Greedy Heuristic Solution 

Worker 2 With Sk 21.00 Assigned to cell 1 
Worker 4 With Sk 15.00 Assigned to cell 2 
Worker 1 With Sk 8.00 Assigned to cell 1 
Worker 3 With Sk 7.00 Assigned to cell 2 

Amount of skill j to be trained in cell k (§ of workers) ,Zjk; 
Skill Cell 1 Cell 2 

1 Zll 0 Z12 1 
2 Z21 0 Z22 1 
3 Z31 0 Z32 0 
4 Z41 1 Z4,2 0 

Training Cost » 20.00 

32.1.4J2 Cell Oriented Greeify Heuristic Solution 

In the cell oriented gxedy heuristic, the cell with Tnavimfll amount of skill 

requirements pick a woricer at each assignment step. K'the cell list with the maximal 

amount of skill requirements contains more than one cell, the computer program picks the 

last one in the list and selects a worker for this cell. 

Initially, the cells have the same amount of skill requirements, which is 28 

(=5+8+8+7). The last one in the list, cell 2 is picked. Wodcer 2 is assigned to cell 2 with 

the maximum utilized skill amount of 21. The skill requirements ofcell 2 are updated to 
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S2I =S22=S23-0 and S24 = 1. The remaining amount of skill requirements of cell 2 are 

SK2 = 7. 

We assign a worker for cell 1 next Worker 4 is selected for cell 1 by the rule of cell 

oriented greedy heuristic. The skill requirements of cell 1 are updated to S21 =822=1 and 

S23 = S24 = 0. The unsatisfied amount of skill requirements of cell 1 are SKj = 13. 

We still have to assign a worker for cell 1 because cell 1 has the maxinium amount of 

skill requirements. But cell I does not need the skill that woricer 1 and worker 3 possess. 

The cell 1 picks the worker with the minimal unutilized skill amount, which is worker 3. 

Nothing needs to be updated for cell 1. 

Cell 2 selects worker 1 finally and the assignment process ends. The final solution can 

be listed as follows. 

Cell Oriented Greedy Heuristic Solution 

The Worker 2 With Sk 21.00 Assigned to cell 2 
The Worker 4 With Sk 15.00 Assigned to cell 1 
The Worker 3 With Sk 7.00 Assigned to cell 1 
The Worker 1 With Sk 8.00 Assigned to cell 2 

Amount of skill j to be trained in cell k (t of workers) ,Zjk; 
Skill Cell 1 Cell 2 

1 Zll 1 Z12 0 
2 Z21 1 Z22 0 
3 Z31 0 Z32 0 
4 Z41 0 Z42 1 

Training Cost * 20.00 

3 J.1.43 Best Worker-Cell Oriented Greedy Henristic Solution 

In the cell oriented greedy heuristic, all the possible assigmnents of a worker to a cell 

ate compared and the wodcer mdie best match is assigned to the cell at each assigmnent 

step. 
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For the first assignment, the possible matches are the assignment of worker 1,2,3, or 4 

to cell 1, and worker 1,2,3, or 4 to cell 2. The best match is woiicer 2 to cell 1 with the 

utilized skill amount of 21 and unutilized skill amount of 0. We update the skill 

requirements of cell 1 to Su = 1 and Sn - S12 - S13 - 0. 

For the second assigmnent, the possible assignment can be worker 1,3, or 4 to cell 1, 

and woricer 1,3, or 4 to cell 2. The best match is worker 4 to cell 2 with the utilized skill 

amount of 15 and unutilized skill amount of 0. We iqxlate the skill requirements of cell 2 

to S23=824 = 0 and S21 = S22 = I. 

For the third assignment, we have the combinations of woricer 1 and woricer 3 with 

cell 1 and cell 2. The best match is the assignment of woiicer 3 to cell 1 with utilized skill 

amount of 7. 

At the last step, we assign worker 1 to cell 2. This solution has a training cost of 13 

which is less than the solution of worker oriented and cell oriented heuristic. In fact, it is 

the optimal solution. We list the solution as follows. 

The Best Worker-Cell Greedy Heuristic Solution 

The Worker 2 With Sk 21.00 Assigned to cell 1 
The Worker 4 With Sk 15.00 Assigned to cell 2 
The Worker 3 With Sk 7.00 Assigned to cell 1 
The Worker 1 With Sk 8.00 Assigned to cell 2 

Amount of skill j to be trained in cell k f# of workers) rZjk; 
Skill Cell 1 Cell 2 
1 Zll 0 Z12 1 
2 Z21 0 Z22 1 
3 Z31 0 Z32 0 
4 Z41 0 Z42 0 

Training Cost » 13.00 

i22 Beam Search Based Hcaristics 
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The greedy heuristics are very myopic. Thus, more sophisticated beam search 

heuristics ate also developed for solving model PI. Two Q'pes of beam search based 

heuristics are developed and described in this Section. They are differentiated mainly by 

their evaluation function. The first one employs the iq)per bound on the optimal solution 

obtained by the best result of the greedy heuristics as the evaluation function. The second 

one uses the lower bound on the optimal solution by solving a linear program as the 

evaluation function. 

3 Greedy Heuristic Based Beam Search 

Similar to the greedy heuristics, the beam search heuristic proceeds finm level to level. 

It performs a breadth-first search with no backtracking. Each node in the search tree 

contains a combination of a worker and a cell, which means the worker is assigned to the 

cell. The node also knows its parent node at the next higher level so that we can always 

trace back to a node in the top level. A path from a node in the top level to any node in 

the tree represents a series of selection and assigiunent processes, i.e., a partial or 

complete solution for PI problem. For a node in the bottom level, a complete solution 

can be obtained by simply tracing back to a node at the top level. 

Assume beam width w. Only the w best nodes at every level are expanded or sprouted 

into further nodes at the next level. AH the expanded nodes representing the possible 

assignments ate evaluated. The w nodes with best results are kept Given a partial 

solution, all three greedy heuristics developed in last Section are used to conq>lete the 

solution. In this way, three global estimates at a node on worker assignment and training 
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are obtained. If we look at a node at level / is sprouted fiom &ther node n and 

represents assignment of worker i to cell k, the global estimates at this node by the 

woricer oriented, cell oriented, and best worker-cell oriented greedy heuristics are , 

, and T^jj .̂ The evaluation function at this node is defined as Z(n,l,i,k) = 

, T^jj  ̂)• The best global estimate, i.e., the result of the evaluation 

function at a node Z(n,U,k), is used to judge the promise of the node. 

For defining the set of nodes to be explored at any level of the search, the greedy 

heuristics based beam search can be worker oriented, cell oriented, or best woricer-cell 

oriented. In the worker oriented beam search, the workers are ranked against their skill 

a m n i m t  ( ^  agcj) from rank one to rank /in a descending order if we have I 
J 

workers to be assigned. Only one worker is considered for assignment at every level of 

beam search. The worker with rank i is to be assigned to any cell in the available cell list 

at the level of the beam search, hi the cell oriented beam search, the available cells are 

ranked against their remaining amount of their skill requirements in a descending order 

and only the top one cell is allowed to pick any woricer in the available worker list at each 

level of the beam search, hi the best worker-cell oriented beam search, all the possible 

assignments of an available worker to an available cell are sprouted firom a retained Mier 

node and evaluated at each level of the beam search. 

Given the greedy heuristics based beam search methods described above, three 

propositions can be concluded in this section. 
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Proposition 3.1 

Consider the best worker-cell oriented beam, search method. Let's look at a retained 

fiither node /at level /, ̂ ch has an evaluation fimction value Each child node 

sprouted 6om node /has a evaluation fimction value of Z(f,l+l.i,k), i e {y^-Cunassigned 

worker pool at node f), keCj. (remaining cells with vacancy at node J) .  The best upper 

bound on the training cost we can get 6om these child nodes is Z and Z = 

min(Z(f,l+l,i,k), keCf). WehaveZ<Z .̂ 

Proof 

^is the lowest objective function value of the three solutions found by the worker 

oriented, cell oriented, best worker-cell oriented greedy heuristics at this node. This best 

heuristic solution with objective value ̂ is obtained by one of the three greedy heuristics 

that goes on with the partial solution /y represented by this father node /until all workers 

are assigned. Assume the first assignment the greedy heuristic does to go on with the 

partial solution Pf is to assign worker i to cell k. This assignment of worker i to cell ̂  will 

always be one of the nodes sprouted fi»m the fioher node / since all the possible 

assignments are enumerated in the best woiker-cell oriented beam search. Call this child 

node of assigning worker i to cell ̂ node a. The objective fimction value Za of best 

greedy heuristic solution at node a will be not worse than the best heunstic result ̂ at its 

&ther node F, i.e., Z  ̂  ̂Zj-. It is because one of the greedy heuristics at node a repeats 

the assignment process exactly die same with the best heuristic solution at the Mier 
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node. The lowest of the upper bounds for all the nodes sprouted from the &ther node, Z, 

is surely not worse than the upper bound at node a, i.e., Z^Z .̂ Thus we have Z < . • 

Proposition 32 

Consider the best worker-cell oriented beam search method. Assume that the 

objective function value of the solution found by beam search is Zbs. We also assume 

that the lowest objective function value of the three solutions found by the worker 

oriented, cell oriented, best worker-cell oriented greedy heuristics is Zgh. We have 

^bs - ̂gh' 

Proof 

At the very first level of the best worker-cell oriented beam search, all possible 

matches (nodes) of worker and cell are enumerated and the three greedy heuristics are 

applied to each one of these matches. Since the best w nodes are kept at each level, the 

greedy heuristics based beam search with best worker-cell orientation is guaranteed to 

perfonn at least as well as the greedy heuristics. We have Z  ̂< Z .̂ • 

Assume that we only use worker (cell) oriented greedy heuristic result as the 

evaluation fimction at a node in the worker (cell) oriented beam search method, instead of 

using the best of the three greedy heuristics at the node. The proposition 3.3 is concluded 

for the worker (cell) oriented beam search method. Its proof resembles the proof for 

Proposition 3.1. 

Proposition 33 
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Assume that we only use the worker (cell) oriented greedy heuristic result as 

evaluation function in the worker (cell) oriented beam search method. The lowest iq)per 

bound 2 on the training cost obtained by the greedy heuristic at the child nodes sprouted 

from an retained father node/is not worse than the upper bound ̂ at the &ther node, i.e., 

2 < Z f .  

Parallel to proposition 32, proposition 3.4 is concluded for the worker (cell) oriented 

beam search method. 

Proposition 3.4 

Consider the worker (cell) oriented beam search method. Assume that the objective 

function value of the solution found by beam search is We also assume that the 

objective function value of the solution found by the worker (cell) orioited greedy 

heuristic is Zj*. We have S Z .̂ 

For the sake of length, we only write the procedure for worker-oriented heuristics 

based beam search. This is as follows: 

Greedy Heuristic Based Beam Search Algonthm for Model PI 

- Woricer Oriented 

Step 0: Put all the workers in the unassigned worker setU = {l, 2, ..., 1} and all the cells 

in the cell set C = f/, 2. Set leveU'̂ l; Let if/-the retained node set at 

level / and E(o contains only one null node; 

Step 1: Pick the worker i* ^argmax^FSrieC/}. K^there is a tie, the first one in the 

flgggfirfing wodcer id number is selected; 
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Step 2: Fonn the initial node set S for level/; 5 = = 

available cell set fix>m node ru 

Step 3: Trace back from each node in 5 to a retained node at the top level and obtain a 

partial solution P; 

Step 4: Obtain the objective fimction value T"*, T', T'̂ at these nodes with the three 

greedy heuristics. Evaluation function value at these nodes Z= miniT", 

Keep the best w nodes in set with the lowest Z as the retained nodes for level /; 

(/?, ={ne5:Z„ <Z ,̂n'e5ni ,̂| i?, I=w}) 

Step 5: If / = /, 

Go to Step 6; 

Else 

1 = 1 + 1 and go back to Step 1. 

Step 6; Start from the retained nodes at the bottom level, trace back to level 1 and get the 

best w solutions. 

We use the sample problem in section 32.1.4 to illustrate how the above greedy 

heuristics based beam search with worker orientation produces solutions to problem PI. 

Assume the beam width is 2. Since the above beam search is worker oriented, the 

workers are ranked by their skill value in a descending order and assigned to cells with 

one worker at one level in the process of beam search. The worker assignment order is 

worker 2, worker 4, worker 1, andworker3 by the rank ofthev skill ̂ uem the four 

levels of beam search. 
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The final solution including the kept beam nodes at each level is listed as follows. 

Solution by the Greedy Heuristics Based Beam Search with Worker Orientation 

Kept Nodes at Level 1 
Nodejd 0, Worker 2 Cell I, obj= 13.000000 
Nodejd 1, Worker 2 Cell 2, obj= 13.000000 
Kept Nodes at Level 2 
From Nodejd 0 at level 1, Worker 4 Cell 1, obj—13.000000 
From Nodejd 0 at level 1, Worker 4 Cell 2, obj= 13.000000 
Kept Nodes at Level 3 
From Nodejd 0 at level 2, Worker 1 Cell 2, obj= 13.000000 
From Nodejd 1 at level 2, Worker 1 Cell 2, obj= 13.000000 
Kept Nodes at Level 4 
From Node Jd 0 at level 3, Worker 3 Cell 2. obj= 13.000000 
From Nodejd 1 at level 3, Worker 3 Cell 1, obj= 13.000000 

Solution 
Nodejd 0 at level 4, Worker 3 Cell 2, 
Nodejd 0 at level 3, Worker 1 Cell 2, 
Nodejd 0 at level 2, Worker 4 Cell 1, 
Nodejd 0 at level 1, Worker 2 Cell 1. 

The beam search tree is shown in Figure 3.1. 

Trainino 
CMtZ-ia 

Tiainino CeMZ«13 

Training 

Figure 3.1 Worker Oriented Beem Search Tree 
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At the first level, worker one can only be assigned to either cell one or cell two and 

both of the beam nodes (Node_id 0 and Nodejd 1) at the first level are kept with the 

training cost estimate 13 units. 

At level two, two nodes are sprouted fiom each of the parent node at the first level and 

total number of beam nodes at this level is four. Event though they all have a training 

cost estimate of 13 units, only two nodes (Nodejd 0 and Nodejd 1) are kept to be 

further expanded. 

At level three, we have three beam nodes in total. Node with Nodejd 0 at the second 

level can only have one child node since cell 1 has met its head count already. The two 

nodes with the lower estimated training costs were kept at this level. 

We naturally arrive at the two nodes at level four from the two kept nodes at level 

three since the worker 3 can be assigned to the only cell that has a vacancy. We select 

the first kept node (Nodejd 0) at level 4 and trace back to the top level and get the final 

solution, ̂ ch give us a training cost of 13 unite. In fact, it is the optimal solution. 

We calculate the evaluation function value for the kept node with Nodejd 0 at level 2, 

termed as 2(0,2,4,1), for detailed illustration. Since this node, ̂ 'ch represents 

assignment of worker 4 to cell 1 at level 2, is sprouted fi»m its parent node Nodejd 0 at 

level 1, we knowthat worker 2 has already been assigned to cell 1. 

By the worker oriented greedy heuristic, worker 1, the third place in the order of skill 

value, is assigned to ceil 2 and all skills of worker 1 are used in cell 2. Worker 3 is 
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assigned to cell 2 at the last step. The training cost of this solution 7*0*2,4,1 is 13 units since 

slcill 1 and skill 2 are still needed in cell 1. 

By cell oriented greedy heuristic, the cell 2, AA^ch is the only cell with vacancy, picks 

up worker 1 first since worker one has the most skill value and then worker 3 at the last 

step. The training cost ro^2.4.i 

By best worker-cell greedy heuristic, the first possible matches are the assignment of 

worker 1 or 3 to cell 2. The best match is worker 1 to cell 2 with utilized skill value of 8 

and unutilized skill value of 0. The next step will be assignment of worker 3 to cell 2. 

The training cost  ̂ is 13 units also. 

The evaluation function value at this node ZfO, 2, ¥,/>, 13 

units. 

The designed experiment in Section 3.1 is also used to test this heuristic in Section 

3.3. 

^222 Linear Program Based Beam Search 

The major difference between the linear program based beam search method and the 

greedy heuristic based method is the evaluation flmction. The linear programming based 

beam search method also does the breadth first search in the search tree firom level to 

level. At each level, a retained node is e^qMmded into further nodes to the next level. For 

any of the expanded nodes not in the bottom level, we can trace back to a retained node 

in the first level to get the partial solution it represents. In the greedy heuristics based 
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beam search, the three greedy heuristics developed in Section 3.2.1 are used to complete 

the solution for a node and the lowest training cost obtained is used to evaluate the node. 

In linear program based beam search, an assignment of worker / to cell Jl in the partial 

solution represented by a node is converted to a constraint of Xut = 1 and the constraints 

of I's are added to the LP relaxation of model PI. Then the LP relaxation of model 

PI is solved at each node and the optimal objective function value or the nn'nimal training 

cost obtained is used to evaluate the promise of the node. The training cost obtained by 

solving the LP relaxation at each node provides a lower bound on the optimal solution for 

the modified PI problem with the added constraints of Yik = I's. 

If the original LP relaxation of a tested PI problem with no added constraints has an 

integer solution, it is obvious that the integer solution is the optimal solution emanating 

from that node. Assume an integer solution is found in the search process and recorded 

as the best integer solution. Call the LP relaxation of model PI the RPl problem for 

short If the solution for RPl problem with added Yik=l constraints at any node is an 

integer solution and the optimal value equals to that of the objective function of the 

original LP relaxation, the solution is the optimal solution, and the beam search can stop. 

If the solution for the relaxed PI problem at any node is an integer solution and the 

optimal value is less dian that of the best integer solution, this integer solution replaces 

the best integer solution. Otherwise, this node is discarded for further consideration 

because any further branching will not get any better than the current integer solution. 

The node need not be kept if the solution for RPl at this node is not an integer solution 

and the optimal value is greater than or equal to that ofthe best integer solution. K'the 
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solution for RPl at a node is noninteger but lower cost than the best known integer 

solution, the node is kept for the selection of the top w nodes. The above conditions and 

outcomes can be summarized in Table 3.5. 

Table 3.5 Condition Summary for LP based Beam Search 

Conditioni Condition 2 Outcome 
If S is as good as the optwnal solution of 
RP1 with no added constraints S is the optimal solution. Done 

IT um somcion or f \r i  o ai a 
node N is an integer 

solution 
if S is better than the best integer solution 

Update the best integer solution 
withS 

IT um somcion or f \r i  o ai a 
node N is an integer 

solution If S is equal to or worse than the best 
integer solution Discard S and the node N 

If the solution of RPl S at a 
node N is a noninteger 

solution 

if S is better than the best integer solution 
Keep the node for selectibn of 
the best w nodes If the solution of RPl S at a 

node N is a noninteger 
solution 

If S is equal to or worse than the best 
integer solution Discard S and the node N 

The linear programming based beam search technique has inherited some thoughts 

from the branch and bound method. The evaliiation function utilizes the lower bound 

information on the optimal solution for the modified PI problem with the added 

constraints of = 1 's obtained by solving a RPl problem. From level to level, the most 

promising nodes are kept for further branching and the unpromising ones are pruned. But 

fully enumerated branch and bound does not allow a node to be pruned until it is sure that 

optimally will not be achieved by further exploring it A node is eliminated from 

consideration in branch and bound in the following situations: (1) The node is infeasible; 

(2) The objective value of best integer solution is at least as large as that of the optimal 

solution obtained at the node. These two situations guarantee that a node is not worthy 

for further consideration and should be pruned permanently. The branch and bound 

method can find the optimal solution safely but it may take prohibitively long 

computation time to solve a large problem with it 
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In selecting the nodes to consider at each level, the linear program based beam search 

can also be worker oriented, cell oriented or best worker-cell oriented. For the sake of 

length, we only write the procedure of best worker-cell oriented linear program based 

beam search algorithm as follows. 

Linear Program Based Beam Search Algorithm for Model PI 

- Best Worker-Cell Oriented 

Step 1; 

Compute the optimal solution of the relaxed PI problem RPl, . Let Z'̂ =objective 

fimction value of ; 

If the solution is integer, 

problem is solved, exit; 

Set the best integer solution Vgpy, as none  ̂with a very large objective function value M. 

Step 2: 

a) Start by generating the level 0 nodes iV '̂s by assigning worker i (i = 1,2,..., 7) to cell 

..., K). For each node Nik, 

Find the optimal solution for the RPl problem with added constraint T/jt=1 

and let Z ,̂. == objective function value of ; 

If the solutionl^y,}. is integer, 

if Zgpj, 

problem is solved, exit; 
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If Z'gpy < Z'gpp, objective function value of best integer solution , 

replace Z]2pj.with I^gpy; 

Else 

If ^RPV  ̂̂ RPV> 

Lisert node Nik to the level 0 node array Ao; 

Ifi4o is empty, 

the optimal solution is found as the , exit; 

b) Take the minimum of the beam width w and the length of AQ as the length of kept 

level 0 node array KeptJevelJ); 

c) Keep the KeptJevelJ) nodes with lowest in the level 0 node array and other 

nodes are eliminated; 

Step 3: 

For Level / = 1 to /(/= number of workers), 

a) For the kept node, t  =1,2,Keptjevel j l -I) ,  

b) Trace back to kept level 0 nodes to obtain the partial solution P, and decide the 

available worker set Wt and available cell set C,; 

c) Sprout the next level nodes Ntok. i € FF,,  ̂€ C,. For each node Ntuk,, 

Find the optimal solution L'l^y for the RPl problem with added constraints Yik=^\ 

represented by P,. Let =objective fimction value of ; 

If the solutionZ^^pi. is integer. 

If Zjipy^Zifpi ,  



75 

problem is solved, exit; 

If Z'gpY < Z'gpp, Z'gpi, - objective function value of best integer solution L'gpi,, 

replace L'gpy. with ; 

Else 

^ ̂RPV ^ ̂RP\* ' 

Insert the node Nm to the level / node array Ai\ 

if^/isemp ,̂ 

the beam search solution is found as , exit; 

b) Take the minimum of the beam width w and the length of AQ as the length of kept 

level I node KeptJevelJ; 

c) Keep the KeptJevelJ nodes with lowest in the level 1 node array and other 

nodes are eliminated; 

Step 4: 

Starting fiom the bottom kept KeptJevelJ nodes, trace back to level 0 and get the 

KeptJevelJ best beam search solutions. 

3 J Experiment Results and Comparison of the Heuristics 

We use the same full factorial model with crossed factors designed in Section 3.1 to 

test the performance of the heuristics developed for solving model P1. The number of 

workers per cell, number of cells, number of skills, and initial skill level of work force 

are Meters in our experiments. The same test samples of problem PI in the initial test by 
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CPLEX were solved by the heuristics. The test results are summarized in Tables 3.6,3.7, 

and 3.8. Table 3.6 shows the performance of our heuristics, \^ch is the average 

deviation of the heuristic result to the optimal objective value obtained by CPLEX 

10 7 _ 7 " 

software with branch and bound, i.e., Y = , 2i = objective value of heuristic 
10 

solution for replication i; Z*  = Optimal objective value for replication /,, / = 1,2,..., 10. 

Table 3.7 shows the hit rate, which counts the number of times the heuristics identify the 

optimal solution for the ten test samples in each sample group. Table 3.8 displays the 

average solution time of using our heuristics and the CPLEX optimization software to 

obtain the final solution. 

First, we discuss the experiment results separately for the three groups of heuristics 

developed: (1) greedy heuristics, (2) greedy heuristic based beam search, and (3) linear 

program based beam search. Then the heuristics are compared and suggestions on how 

to use these heuristics are provided. 

33.1 Performaiice of the Greedy Heuristics 

The solution time of greedy heuristics is not included in Table 3.8 because they 

required minimal time in all cases («1 sec.). In Figure 3.2, we can also see that the 

greedy heuristics identified the optimal solution except only for one test sample with the 

worker oriented heuristic for the highest level of worker skill probabili  ̂level. For the 

medium skill probabili  ̂level, they could identify the optimal solution except for some 

test samples in the problem size group of 8 cells, 2 woikers/cell, and 4 skills required per 
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Table 3.6 Avenge Percent Deviition over Optimal Objective Value by Each Alcorithm 

Number 
oTCells 

No of 
WoKTell 

Number 
or Skills 

Skill 
Probability 

Optimal 
S^ion 
byCpleN 

HW HC HK BHWI BHW2 BHC1 BHC2 BHKI BHIC2 BLWI BLW2 BLCI BLC2 BUCI BLK2 

2 2 2 0.2 16.3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
2 2 4 0.2 3S.I 5.38 5.38 0 0 0 0 0 0 0 0 0 0 0 0 0 
2 8 8 0.2 10.7 0 2.31 0 0 0 0 0 0 0 0 0 0 0 0 0 
2 8 16 0.2 19.9 2.86 2.86 5.86 0 0 0 0 0 0 0 0 0 0 0 0 
1 2 2 0.2 62.9 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
• 2 4 0.2 122.1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
S 8 8 0.2 5.5 7.10 0.91 0 0 0 0 . 0 0 0 0 0 0 0 0 0 
1 8 16 0.2 11.6 63.41' 5.09' 23.73' 0 0 0 0 0 0 0 0 0 0 0 0 
2 2 2 0.S 3.4 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
2 2 4 0.S 9.8 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

8 8 0.S 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
2 8 0.S 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
1 2 2 0.S 3.6 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
S 2 4 0.S 11.3 16.55' 8.33' 11.35' 7.41' 7.41' 6.67 0 6.67 0 0 0 0 0 1 0 
8 8 8 0.S 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
t 8 16 0.5 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
2 2 2 0.8 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
2 2 4 0.8 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
2 8 8 0.8 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
2 8 16 0.8 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
8 2 2 0.8 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
8 2 4 0.8 0 o' 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
8 8 8 0.8 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
8 8 16 0.8 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

Note; 
B; Beam Search 
H; Heuristic 
W: Worker Oticnled 
C; Cell Oriented 
K; Combination ofWorker and Cell 
L; Linear Programming 
1: Beam Width 1* Number or Workeri per Cell 
2; Beam Width ••2* Number ofWoifcert per Cell 
SuDcncriM; Number of tanwles that have an ootimal solution with no trainini cost but a heuristic result with trainins cost. 



Table 3.7 Perccnligc Ihit •tgorilhnn hH opiiiml lolution 

Number 
ofCelli 

No of 
Wo/Cell 

Number 
ofSkilb 

Skill 
Probability 

Optimal 
Sohitkm 
byCplex 

HW HC HK BHWI BHW2 BHC1 BHC2 BHKl BHK2 BLWl BLW2 BLCl BLC2 BUCl BLK2 

2 2 2 0.2 16.3 too 100 100 100 100 100 100 100 100 100 100 100 100 too too 
2 2 4 0.2 35.1 90 90 100 100 too too 100 100 100 100 100 100 too too too 
2 8 8 0.2 10.7 100 90 100 100 100 100 too 100 100 100 too too too too too 
2 8 16 0.2 19.9 80 80 80 100 100 100 100 100 100 100 100 100 too too too 
8 2 2 0.2 62.9 100 100 100 100 100 100 100 100 100 100 100 100 100 too too 
8 2 4 0.2 122.1 100 too 100 100 100 100 100 100 too 100 100 100 too too too 
8 8 8 0.2 3.5 70 90 100 100 100 100 100 100 100 too 100 100 too too too 
S 8 16 0.2 11.6 30 60 40 100 100 100 100 100 100 100 100 100 too too ttw 
2 2 2 0.S 3.4 100 100 100 100 100 too 100 100 100 100 100 100 too too too 
2 2 4 0.S 9.8 100 100 100 100 100 100 100 100 100 100 100 100 too too too 
2 8 8 0.S 0 100 100 100 100 100 100 100 100 100 too 100 100 too too too 
2 8 16 O.S 0 100 100 100 100 100 100 100 100 100 too 100 100 too too too 
8 2 2 O.S 3.6 100 100 100 100 100 100 100 100 100 100 100 too too too too 
8 2 4 0.S 11.3 30 70 so 80 80 90 100 90 100 100 100 100 too 90 100 
8 8 8 0.S 0 100 100 100 100 100 100 100 100 100 100 too 100 too too too 
8 8 16 0.S 0 100 100 100 100 100 100 100 100 100 too 100 100 too too too 
2 2 2 0.8 0 100 100 100 100 100 100 100 100 100 100 100 100 too 100 too 
2 2 4 0.8 0 100 100 100 100 100 100 100 100 100 too 100 100 too too too 
2 8 8 0.8 0 100 100 too 100 100 too 100 too 100 100 100 100 too too too 
2 8 16 0.8 0 100 100 100 too 100 100 100 too 100 too 100 too too too too 
8 2 2 0.8 0 100 too too 100 too too 100 100 100 100 100 100 too too too 
8 2 4 0.8 0 90 100 100 100 100 100 100 100 100 100 100 too too too too 
8 8 8 0.8 0 100 100 100 100 100 100 too 100 100 100 100 100 too too too 
8 8 16 0.8 0 100 100 100 100 100 100 100 100 100 100 100 100 too too too 

Note: 
B; Beam Search 
H: Heuristic 
W: Woricer Oriented 
C; Cell Oriented 
K; Combination of Woiker and Cell 
L; Linear Programming 
1: Beun Width-1* Number of Workera per Cell 
2: Beam Width >=2* Number ofWotkenner Cell 



Table 3.8 Solution Time by Each Algorithm for Model PI (in Seconds) 

Number 
of edit 

No of 
Wo/Cell 

Number 
of Skills 

Skill 
Probability 

Cplex B-B BHWI BHW2 BHC1 BHC2 BHKl BIIK2 BLWI BLW2 BLCI BLC2 BLKI BLK2 

2 2 2 0.2 0.013 0 0 0 0 0 0 0 0 0.1 0.1 0.2 0 
2 2 4 0.2 0.013 0 0 0 0 0 0 0 0 0.2 0 0 0.1 
2 8 8 0.2 0.019 0.3 0.6 1.6 3.2 2.8 6.3 0.1 0 0.1 0.1 0.1 0.2 
2 8 16 0.2 0.026 0.3 1 3 6 3.8 11.7 0.1 0.1 0.1 0 0 0 
8 2 2 0.2 0.033 0.3 0.6 0.6 1.2 4.1 8.2 0 0 0.1 0 0.1 0 
8 2 4 0.2 0.048 0.4 1 0.8 1.3 3.3 10.2 0.1 0 0 0.1 0 0 
8 8 8 0.2 0.69 63.3 123.7 398 793.7 2806.3 3681.9 0.3 0.3 0.3 0.4 0.3 0.3 
8 8 16 0.2 10.031 177.6 346.6 1II6.9 2229.8 8367.3 16854.3 223.2 343.8 1808 3034.3 7641.2 13627.6 
2 2 2 0.5 0.019 0 0 0 0 0 0 0 0 0.1 0 0 0 
2 2 4 0.3 0.013 0 0 0 0 0 0 0 0.1 0 0 0.2 0.1 
2 8 8 0.S 0.018 0 0 0 0 0 0 0 0 0 0 0 0.1 
2 8 16 O.S 0.024 0 0 0 0 0 0 0 0 0.1 0.1 0.1 0.1 
8 2 2 0.S 0.029 0.3 0.6 0.3 0.8 2.8 3.3 0.1 0 0 0.1 0.1 0 
8 2 4 0.S 0.16* 0.3 1 0.8 1.3 4.6 9.2 0.3 0.4 0.9 1 6.1 10.1 
8 8 8 0.3 0.137 0 0 0 0 0.1 0 0.1 0.2 0.2 0.2 0.1 0 
8 8 16 0.3 0.212 0 0 0 0 0 0 0.2 0.3 0.4 0.2 0.3 0.1 
2 2 2 0.8 0.012 0 0 0 0 0 0 0.1 0 0.1 0.1 0 0 
2 2 4 0.8 0.02 0 0 0 0 0 0 0 0 0 0 0 0 
2 8 8 0.8 0.021 0 0 0 0 0 0 0 0 0 0 0 0 
2 8 16 0.8 0.03 0 0 0 0 0 0 0.1 0.1 0 0 0.2 0.1 
8 2 2 0.8 0.024 0 0 0 0 0 0 0 0 0.1 0.1 0.2 0 
8 2 4 0.8 0.033 0 0 0 0 0 0 0.1 0 0.1 0.1 0 0.2 
8 8 8 0.8 0.141 0 0 0 0 0 0 0.1 0.1 0.3 0.2 0.1 0 
8 8 16 0.8 0.189 0 0 0 0 0 0 0.3 0.2 0.4 0.2 0.1 0.3 

Note; 
B; Beam Search 
H; Hetiristic 
W; Worker Oriented 
C; Cell Oriented 
K: Combination of Worker and Cell 
L: Linear Programming 
1: Beam Width •* 1 * Number of Woikers per Cell 
2: Beam Width ••2* Number of Workers Der Cell 
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18 2 2 4 0.8 
19 2 8 8 0.8 
20 2 8 16 0.8 
21 8 2 2 0.8 
22 8 2 4 0.8 
23 8 8 8 0.8 
24 8 8 16 0.8 



81 

cell. Three samples had a positive training cost by the heuristic but an optimal solution 

with no training cost, otherwise, the largest average deviation from optimali  ̂was 

16.55% by the worker oriented heuristic. For the lowest skill probability level, training 

tends to occur since the workers do not posses enough skills. It is found that the greedy 

heuristics were &rther away from the optimal solution in this situation than at the other 

skill probability levels. Given the number of cells and number of workers per cell, the 

more skill requirements there were, the farther away from optimality the heuristics were 

except for the 8 cells and 2 workers per cell case, for which all heuristics hit the optimal 

solution and performed the same. 

The cell oriented greedy heuristic outperformed the other two by either the average 

deviation from the optimal or hit rate. The largest deviation by the cell oriented heuristic 

was 8.33% while the largest for the worker oriented greedy heuristic and best worker-cell 

oriented was 63.41% and 23.73% respectively. 

332 Performance of the Greedy Heuristic Based Beam Search 

Before we tested our beam search based heuristics, the beam width w needed to be set 

Little literature could be found on the principles for setting beam width while past 

research usually set relatively small beam widths. Ow and Morton (1988) investigated 

the range of beam widths from 1 to 8 for the single machine early/tardy problem with 25 

jobs. We designed two levels of the beam width to test the beam search based heuristics. 

The low level of the beam width was the number of workers per cell and the high level 

was 2 tunes the number of workers per cell. 
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It was found that the greedy heuristics based beam search always obtained a solution 

not worse than the greecfy heuristics. For either the low or high skill probabili  ̂level, the 

beam search approach of either beam width hit the optimal solution for every test sample. 

In the situation of medium skill probability level, except for the formation of 8 cells, 2 

workers per cell, and 4 skill requirements per cell, the beam search approach of low or 

high beam width level also found the optimal solution for every test sample. At the low 

level of beam width, the worst hit rate of the cell, worker, and best worker-cell oriented 

beam search was 80% and the largest average deviation was 7.41%. When the beam 

width goes up to the high level, the cell oriented and best woricer-cell oriented beam 

search found the optimal solution for every sample, but the worker oriented one did not 

make improvement on either hit rate or avenge deviation. 

Since the upper bound obtained by the greedy heuristics is used to evaluate a node in 

the greedy heuristics based beam search, the beam search method may not know that it 

has akeady arrived at optimally at a level and still continues to search down to the 

bottom level. This cau  ̂unnecessary computational time. Because the training cost can 

not be less than zero, we added the zero training cost as a lower bound of the solution and 

AM^en the solution by beam search was zero at any time, the search stopped, and the 

optimal solution was found. The computation time was saved in our beam search in this 

way. 

For the high skill probabiliQr level, the optimal solution had zero training cost and the 

beam search method came to an optimal solution with zero cost in approximately zero 

seconds. For the medium skill probability level, the solution time of beam search with 
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low beam width level ranged fiom zero to 4.6 seconds and the solution time for the high 

beam width ranged fix>m zero to 9.2 seconds. The range for the high beam width was just 

about twice of the range for the low beam width level. For the low skiU probability level, 

where training tends to occur, the average solution time ranged &om zero to 11.7 seconds 

for all the situations with not more than 16 workers in total to be assigned. When we 

tried to assign 64 workers to 8 cells, the solution time increased rapidly. The worker 

oriented beam search was fastest and spent an average of 177.6 seconds to solve the 

samples with 16 skills requirements for the low beam width and 346.6 seconds to solve 

them with high beam width. The longest average solution time h2Q)pened when we used 

the best worker-cell oriented beam search with the high beam width level and it was 8368 

seconds in average. We noticed that the average solution time was approximately 

doubled ̂ en the beam width was doubled. 

It should be noted that for most test samples the heuristics based beam search found 

the optimal solution at the beginning of its search according to the detailed solution 

output file. But since it did not know it had found the optimal solution, it carried on the 

search till the last node was searched. Two measures can be taken to improve the greedy 

heuristics based beam search. One is that we can solve the LP relaxation of PI and use 

the objective value as a lower bound to stop the search process if it is reached. The other 

measure is to set atime limit for the beam search. The search will automatically stop if it 

reaches its time limit Both of these measures can reduce the average solution time while 

keeping the solution quality high. 



84 

3 Performance of the Linear Program Based Beam Scarch 

The same test samples were used to evaluate the linear programming based beam 

search method. The same two levels of beam width as those for greedy heuristics based 

beam search were used to test our linear programming based beam search algorithms, 

^ch are worker oriented, ceil oriented, or best worker-cell oriented. 

For low or high skill probability level, the beam search heuristics found the optimal 

solution for every sample problem with either of the two beam width levels. 

In fact, the linear program based beam search methods only failed to find the optimal 

solution once. That occurred for problem size of 8 cells, 2 workers per cell, and 4 skill 

requirements per cell with medium skill probability level. The best worker-cell oriented 

beam search missed optimality for one sample out of ten. But, it obtained the optimal 

solution for every sample when the beam width went to the high level. 

By solving the LP relaxation of PI at each node, we obtained a lower bound on the 

optimal value of the objective fimction. Features like the &thom or cutoff rules in branch 

and bound methods have been installed in the linear program based beam search. When 

proceeding to next level will not improve the solution, it will automatically stop so that 

computational time is saved. But it may still take a long computational time to get a final 

solution if the LP relaxation of PI takes a long computational time to be solved and beam 

search proceeds many levels before it can stop. 

For the high skill probability level, the optimal solution had zero training cost and the 

beam search came to an optimal solution in less than one second in avenge. Forthe 

medium skill probability level, the average solution time of beam search with low beam 
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width level ranged fiom zero to 6.1 seconds and the average solution time for the high 

beam width ranged from zero to 10.1 seconds. The range for the high beam width was a 

little less than twice of the range for the low beam width level. For the low skill 

probability level, when training tended to occur, the average solution time was less than 

02 seconds for all the situations with not more than 16 woikers in total to be assigned. 

When we tried to assign 64 woikers to 8 cells with 8 skill requirements each cell, the 

solution time was still under 0.5 seconds in average. But when the skill requirements 

increased to 16 skills per cell, the average solution time soared. The worker oriented 

beam search was fiistest and spends 223.2 seconds to solve the samples with 16 skills 

requirements for the low beam width and 345.8 seconds to solve them with high beam 

width. The longest average solution time happened when we used the best worker-cell 

oriented beam search with the high beam width level and it was 13627.6 seconds in 

average. We noticed that the average solution time was iq)proximately doubled when the 

beam width was doubled. 

It should be noted that the minimal training cost the beam search based heuristics 

found at the beginning of its search was optimal in the end according to the detailed 

solution ou^ut file for most test samples. But since it did not know it had found the 

optimal value and did not have an integer solution against the optimal value, it carried on 

the search until it was sure that no further improvement could be made or the last node is 

searched. We are able to improve the linear program based beam search if we can 

integrate the information the greedy heuristics obtain in the beam search process. Wecan 

solve the P1 problem with greedy heuristics at a node and use the training cost by greedy 
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heuristic as an upper bound to stop the linear program based beam search process if this 

iqjper bound is reached. Then we just use the greedy heuristic solution as the final 

solution. 

33.4 Comparison of the Heuristics 

For the situation of high skill probability level, all the greedy heuristics and the two 

types of beam search based heuristics provided good quality solutions within a very short 

computational time. 

For the medium skill probability level, all the heuristics finished computation within 

10 seconds, which can be considered short Only when forming 8 cells, 2 woricers per 

cell, and 4 skill requirements in each cell, did the greedy heuristics fail to reach 

optimality for some test samples. The worst case was 16.55% away firom optimal value 

by the worker oriented heuristic. Greedy heuristics based beam search certainly did 

better than the greedy heuristics. Cell oriented or best worker-cell oriented beam search 

found the optimal solution for every test sample with high beam width level. The linear 

program based beam search worked even better than the greedy heuristics based beam 

search. Only the linear program based beam search with best worker-cell orientation 

Med to find an optimal solution, and that only occurred for one test sample out of ten in 

the same cell formation situation the greedy heuristics and greedy heuristics based beam 

search have trouble with. 

For the situation of low skill probability level, the solutions the greedy heuristics 

obtained for the largest problem size deviated fix)m optimal solutions fi»m 5.09% with 
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cell orientation to 63.41% Mith woricer orientation. Beam search based heuristics with 

evaluation fimction from either greedy heuristics or linear program functioned very well. 

In fact, they found the optimal solutions in all cases. But we can also see that the best 

worker-cell oriented beam search required a computational time that might not be 

tolerable. 

In conclusion, the beam search based heuristics can provide solutions quite close to or 

equal to optimal for problem PI even though they take significantly longer computational 

time than simple greedy heuristics for solving large problems with low skill probability 

level. The worker oriented beam search can finish the computation for the largest PI 

problem within 360 seconds even at high beam width level ̂ ^e the cell oriented 

approach can finish the computation with less that 3060 seconds. Only the cell oriented 

greedy heuristic is recommended for the use of solving the PI problem because the 

worker oriented or worker-cell oriented did not give good quality solutions for large PI 

problems with low or medium skill probability level. 

3.4 Model Usage 

Solution of model PI determines the assignment of workers to cells and the aggregate 

training needs for each cell. A model can be developed to provide a detailed assignment 

and traming plans for each worker, but it requires much more computational effort, as is 

described in details in the next clu^fter. 

Model PI is finable and requires management to make decisions on worker 

assignment and training program. The solution for a PI problem could be displayed with 
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a table for each cell. Table 3.9 shows an example. The /'s in the table indicate that the 

woricer has that skill. The manager can take the output of model P1 and develop a 

training schedule and task assignment by spreadsheet Different assigmnent rules such as 

balancing the number of skills per worker could be applied according to the manager's 

preference. One possible training program is shown in Table 3.10. The * indicates we 

train worker i at skill j. Every worker in this cell will have 2 skills after this training 

program is completed. 

Table 3.10 Trainmg Program for Problem PI 
Worker Assigned to Cell k Workers Worker Assigned to Cell k Workers 

SldU Q 6 workers total) needed for SkiU (1 6 woikers total) needed for 
2 8 11 16 Each Skill 2 8 11 16 Each Skill 

1 1 2 1 I * 2 
2 1 2 2 « 1 2 
3 1 2 3 * 1 2 
4 2 4 « • 2 

We proposed model PI and developed solution methods for it in this chapter. Its 

applications enable the production management or human resource man^ement to form 

worker teams for cellular manufacturing configuration in a scientific manner. We also 

see that the model PI only covers the basic skill and labor requirements so that its 

solution may not be able to provide enough support for decision making. Based on 

model PI, we take operations related specifications and even human factors into 

consideration for worker team formation and form model P2 in the next chapter. 

Efficient and effective solution methods for model P2 are also going to be developed in 

thenoachsqrter. 
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CHAPTER4 

Advanced Assignment and Training Model 

We develop an advanced worker assignment and training model and its corresponding 

solution methods in this chapter. This model embodies information of operational 

specifications, group dynamics, and individual job fitness in the worker team formation 

process. Its three objectives are to minimize the training cost, maximize team synergy 

levels, and maximize the total individual job fitness. This model can be regarded as a 

combination of two sub-models: 1) an IP model with consideration of operational 

specifications; and 2) a goal programming model to guide the formation of synergistic 

teams. The solution of this model provides a specific work assignment and training plan 

for each worker. 

The first sub-model is an extension of model PI, which is the basic worker assignment 

and training model in Ch^ter 3. Model PI incorporated the basic information and 

conditions on labor and skill requirements for i celliilar worker team. However, PI only 

provided an aggregate objective for trainmg. The output of PI included the cell 

assignment for each worker, but the time a worker needed to spend on his or her tasks 

was not specified by the solution. Given that we have more detailed data on cell 

operations, we can build a mathematical programming model and obtain the solution 

showing a specific training program and work task for each worker. With the 

considerations of the operational specifications and technical skills for manufacturing 
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cells, we extend model PI and build an integer programming model, termed P2a, in 

Section 4.1.1. 

From the literature review in Cluster 2, we know that the success of a cell does not 

only depend on the capable staff with required technical skills but also the interactions 

among the team members. Human &ctors are not negligible in forming a high 

performance worker team. Besides investing on the teamwork skill training, we should 

try to put a group of workers with measurable high team synergy level into one team in 

the begimiing of cell formation and operation. Based on Kolbe Conative Index (KCI) 

developed by Kolbe Corporation, we build a goal programming model, termed P2b, for 

forming a team &om a worker population in Section 4.2.2. The objective of model P2b is 

to maximize the team synergy levels. 

We combine model P2a and P2b into the model P2, the advanced worker assigmnent 

and training model, in Section 4.1.3. We develop heuristic solution methods for model 

P2 in Section 4.2. First a greedy heuristic is developed in Section 42.1. Then a filtered 

beam search method is developed in Section 4.22. 

Section 4.3, the solution methods are tested and discussed. We summarize our 

work on model P2 in Section 4.4. 

4.1 Forming an Advanced Worker Assignment and Training Model 

In this Section, we first propose an individual assigmnent and training submodel P2a 

with consideration of operational specifications. This is followed by a goal programming 

submodel P2b to form a high synergy level team fipom a worker populatioiL The 
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combination of the two submodels integrated with the additional job fitness objective is 

our advanced woricer assignment and training model P2 in the last part of this Section. 

4.1.1 Individual Assignment and Training Model 

While model PI provides an aggregate objective for training, it does not provide 

detailed workload assignment for each worker. To implement a solutioa finm model PI, 

we must eventually determine the training schedule for each worker. But individual 

differences may be important In model PI, it was assumed that the training cost for a 

skill was identical for everyone who needed that training. In reality, the basic skill 

proficiency and educational background of workers might be different This means 

workers may need different time to acquire the same skill so that the training cost for this 

skill is different for them. In model PI, requirements for a skill in a cell were evaluated 

by a certain number of workers needed for that skill, which is only a rough estimate of 

the skill reqtiirements in practice. Amore practical estimate of the requirements for a 

skill may be the time performing the skill in a cell. For example, the time to do SPC data 

collection m a daily operation by a technician may be around half an hour, and the time to 

do calibration of test equipment may be S hours, and so on. Manu&cturing companies 

may have a training budget for production workers so that we need add another 

constraint to limit the training cost for each worker assuming we know the individual's 

training cost for different skills. The model in this Section, termed P2a, will detennine 

the normal cell assignment of each employee as well as their set of skills and time 

distribution for performmg those skills. However, to obtain this greater level of detail 
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from the model we must accept a greater computational burden. Besides the formulation 

of model P2a, we also do a preliminary computational test against this model. 

4.1.1.1 Fornmlation of Model P2a 

In addition to the basic data required in model PI, assume we know the skills, the time 

required for performing each skill, training cost for each work to acquire a skill, and the 

upper time limit a worker can spend on training. An integer programming model P2a can 

be built as follows. 

Decision Variables: 

Yik=\\i worker i is assigned to cell ̂  0 otherwise,-

= 1 if employee / acquires skill j, 0 otherwise; 

Xyk=proportion of time worker / does skill j in cell k 

Data rnefRcientsr 

Cij=cost to train worker i fiilly in skill /; 

Sk=number of employees to be assigned to cell k; 

Sjk=amount of skill j needed in cell A; 

Ti - time limit for worker ts training; 

/j^-time required to train worker i in skillj\ 
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The cost parameters Cg ate now specific to individuals. We set Cg to zero if worker i 

already has skill/. The model then becomes: 

Subject to: 

P2a: Minimize Training Cost = (4.1) 
I J 'J 'J 

=l , f i ) r a l l / ;  (4 .2 )  
it 

=5^ ,  fo raUi fc ;  ( 4 .3 )  
/ 

T.X  ̂S.K , for ail j and t, (4.4) 
/ ijk •'* 

5 AT... 5 Y.. , for all i and k, (4.5) 
J ijk ik 

, for all/and/; (4.6) 
k if 

ZUjZij^Ti , for all/; (4.7) 
J 

Yik, 0 or I; Zij 0 or 1; 0 s X  ̂I (4.8) 
IJK 

The objective fimction (4.1) computes the cost of training. We allow training costs to 

depend on the worker and skill. Factors such as experience, educational background, 

motivation, and natural ̂ tude can be included in the model. Equations (42) and (4.3) 

are the same as Equations (3.2) and (3.3) fix)m problem PI and ensure that each worker is 

assigned to a single cell and each cell receives the necessary number of workers. 

Equadon (4.4) ensures that the time spent by the set of workers assigned to perform each 
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skill/ in each cell is at least as large as the requirements for that cell. Equation (4.5) 

prevents the model firom assigning tasks to any worker unless they have been assigned to 

that cell. If we choose to assign tasks in cell kto worker i, then we must set 7,;  ̂to I. 

Otherwise the expression forces the time allocated by that worker to any task in the cell 

to be 0. Equation (4.5) also limits the amount of work that can be assigned to any 

individual. Workers can not be assigned more than fiill time duties. This is an extension 

beyond problem PI. We must also ensure that workers are only assigned tasks for which 

they are trained. This is ensured by Equation (4.6). If left unconstrained, the model 

would attempt to train the most capable workers for all new tasks. This would tend to 

remove them &om useful work for an excessive period of time during training, run the 

risk of preventing them ever becoming proficient in any one skill due to intermittent 

assignments, and underdevelop other human resources. As such, Eqiiation (4.7) limits 

the amount of time any worker can spend in training. Such limits may be desired for 

fairness, administrative, and human resource management reasons. Finally, Equation 

(4.8) enforces the binary and nonnegative restrictions on the variables. 

A preliminary study was conducted to determine the computational efficiency for this 

formulation and the feasibili  ̂of acquiring the detailed training schedule results provided 

by problem P2a. The problem size is dictated by the number of workers, cells, and skills 

requued for each cell. A set ofsample problems with increasing size were generated. A 

designed &ctonal model is used to evaluate the computations. We used CPLEX on a Sun 

workstation to solve these test problems. 



4.1.1  ̂Experiment Results for Model P2a 

For testing model P2a, the same basic &ctor levels as those for model PI were used. The 

low and high levels for the number cells and the number of workers per cell are 2 and 8. 

It is assumed that each skill is required in the same amount in each cell. The amount of 

sirill J needed in cell k, Sjk is the ratio of number of workers in the cell to the number of 

skills required in this cell. As before, probability a is set to 0.20,0.SO, and 0.80, i.e. c/y 

has probability a of being zero. The positive training cost cy is assumed to be a random 

number uniformly distributed between 1 and 10. For simplicity and feasibility, the time 

required to train worker i in skill /, is assumed to be equal to c,y. The cost limit for 

worker i's training is assumed to be the same with % and is set to 80. Two replications 

are generated for each problem size. The average computational times and solutions are 

compared in Table 4.1. 

Tabie4.1 ExpernmitResults for Nftidel P2a 

Number 
of Cells 

Number of 
Workers/CeU 

Number of 
Skills Probability a = 0^0 Probability a - 050 Ptobabilî  a = 0.80 

Number 
of Cells 

Number of 
Workers/CeU 

Number of 
Skills 

Solution Tune 
(Second) Cost 

Solution Time 
(Second) Cost 

Solution Tune 
(Second) Cost 

2 2 2 0.02 15 0.025 95 0.015 0 
2 2 4 037 18.5 0.075 55 0.025 15 
2 8 8 0.19 5 0.1 0 0.08 0 
2 8 16 • 5J 0.28 0 0.17 0 
8 2 2 0325 43 0.225 7 0.165 55 
8 2 4 « T9S • 12 « 05 
8 8 8 13 J9 19.5 4505 0 3535 0 
8 8 16 • 48J 216.88 0 146.895 0 

Note :* mdcates tint at least one of the replications reached tone limit 3600 seconds or 
500000 nodes with biandhand-boaid method and Slopped at a feasible mteger soiutiaa. 
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The table shows that solution time for the first three problem size groiq>s is relatively 

small. The compiitational time becomes much greater for medium to large problems. We 

can also see that P2a problems require more computational effort that for PI problems. 

Trends, however, are the same. Once again problems were difficult to solve if there were 

many skills and the initial skill levels were insufficient to permit finding a partitioning of 

workers that did not require additional training. Model P2a covers model PI and if we 

can solve model P2a in polynomial time we can do the same to model PI. Since we 

proved that a special case of model PI is NP-hard in Chapter 3, model P2a is also NP-

hard. 

4.12 Worker Assignment Model with Consideration of Team Synergy 

Based on the literature review coverii  ̂the impacts of personality on team 

performance, we intend to establish a model to include team synergy measures when 

fotmmg worker teams. This model utilizes the measures on human instincts developed 

by BCathy Kolbe [1993]. The Kolbe System provides a systematic technique for 

measuring the conative tendencies of individuals, identifying their suitability for ̂ cific 

jobs, and measuring the synergism of a proposed interdependent team of workers. Kolbe 

found that people act with a mix of four distinct traits regardless of their age, sex or race: 

1) 'Tact Finders" (Probe) evaluate, probe and deliberate. 

2) A "Follow Through" (Pattem) coordinates, plans, and schedules. 

3) "Quick Starts" (hmovate) originate, experiment and improvise. 

4) An "bnplementor'* (Demonstrate) crafts, constructs, repairs and demonstrates. 



Most people have a mix of the four traits and are "insistent" in some traits and 

"resistanf' in others. The Kolbe test assigns each person a 0 to 10 score in each of the 

four traits. Any number of 7 or above is insistent and a number of 3 or under is resistant 

A person with a score between 3 and 7 is a ''responder" at that trait The combination of 

the score at each trait descnbes the person's mode of operation, or 

The Kolbe system has been shown to have high reliability in predicting the success of 

teams where interdependent interactions are required by workers to complete tasks 

(Kolbe [1993] and Gottschalk [1990]). Kolbe pointed out that a successful team does not 

only need the right mix of instincts to initiate solutions but also the same amount of 

energy working to avoid problems as well. The instinctive energy of a successful team is 

symmetrically distributed with 25% each among insistences and resistances. Therefore, 

teams will ideally be composed of individuals that aggregate to a 25%, 50%, 25% mix of 

Initiator, Responder, and Preventer/Resistor across the four traits. Deviations fiom these 

percentages of 10% or more can be taken as signs of potential inefBciency in team 

performance ̂ olbe [1993]). For instance, a team with too many "quick-start" initiators 

may rush ahead in too many du^ctions without ever focusing on one alternative and thus 

end iq) accomplishing very little. A team with too many "fact finder" preventers may fail 

to synthesize known results and end up pursing infeasible solutions or simply reinvent the 

wheel. 

Given that we know the workers to be selected into a team and the M.O.S of each 

woricer, the closer the team to the 25%, 50%, 25% mix of Initiator, Responder, and 

Preventer/Resistor is, the higher the team synergy level is. In other words, the ideal 
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number of Mdator, Responder, and Resistor for all four traits in a team should be 4 times 

25%, 50%, and 25% of the number of team members or M, 2M, and Af where Af is the 

number of team members. This inspires us to ̂ ly goal programming to this problem. 

A goal programming model, termed P2b, is proposed for forming a most synergistic team 

with M workers firom a pool of N available candidate workers. Kolbe index values are 

assumed known for each candidate with a mode level of m == 1 (Initiate), 2 (Respond) or 3 

(Prevent) for each trait f = I (Probe), 2 (Pattern), 3(Innovate) and 4 (Demonstrate). We 

have three goals and they are; 

• Goal 1 - as close as to 25% of team member's mode m =1 (Initiate). 

• Goal 2 - as close as to 50% of team member's mode m =2 (Respond). 

• Goal 3 - as close as to 25% of team member's mode m =3 (Prevent). 

Goal m is defined for the ideal mix of team members on mode m and 1,2,3. 

The formulation of Model P2b would be as follows; 

Decision Variables: 

Yi  =1  i f  candidate i  is assigned to the team and 0  otherwise. 

Deviatinnal Variables; 

= amount by which the team exceeds goal m; 

dm' - amount by which the team is under goal m; 

Data Coefficients: 

aim = 1 if candidate i's mode of operation is level m fot trait t and 0 otherwise; 

M-Size of desired team; 
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N = Size of candidate pool 

= Cardinal weight assigned to dm*'; 

Wm = Cardinal weight assigned to dm'; 

The model will find the set of candidates that minimize the cumulative deviation firom 

the three goals, which are the desired mix of synergy for the three modes, subject to 

ensuring that M individuals are selected into a team firom the candidate pool. The model 

may then be written as 

3 

Minimize (4.9) 

Subject to: 

w = l,3; (4.10) 
M M 

N 4 

(4.11) 
ml M 

N 
(4.12) 

nOor l  (4 .13 )  

The objective function (4.9) minimizes the sum over all four instinctive action modes 

of the deviation between the proportion of selected team members that have each 
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behavior level and the desiied proportion. All the cardinal weights Wm* and axe set to 

1 since we weigh the goals the same. The constraints (4.10) and (4.11) ensure that team 

membership is at the desired proportion for each level of behavior for each action mode 

with the balance of deviational variables. The equation (4.12) ensures that the team 

contains M members. Equations (4.13) enforce the binary restrictions on whether or not 

a candidate is assigned to the team. 

Since deviations of 10% or more from the ideal synergy level can be taken as signs of 

potential inefSciency in team performance, it suggests that we should fomi a worker team 

with a synergy level within the acceptable deviation &om the synergy targets. The 

following integer programming model is built for guiding us to find a worker team which 

meets the synergy requirements. 

ff 
Minimize ^01^ (4.14) 

Subject to: 

(4.15) 

(4.16) 

(4.17) 

Yi,Oor l  (4.18) 
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The constraints (4.15) and (4.16) ensure that team membership is within the 

acceptable range, which is 10% off the target, for the desired proportion for each level of 

behavior. Just for illustration, 0.60M comes from 4(25% - 10%)M and 1AOM comes 

from 4(25%+lO%)A/for m = 1 and 3 in constraint (4.15) and the similar is for constraints 

(4.16). The objective function (4.14) wants to find any solution that satisfies all the 

constraints. Equations (4.17) and (4.18) have the same meaning as the equations (4.12) 

and (4.13) in model P2b. This model is easily extendable to assigning workers (i) to one 

of multiple teams (k). Cells are linked by a single constraint of the form  ̂Tit = 1; V /. 
k 

4.U Formulation of Advanced Worker Assignment and Training Model 

The success of a cellular worker team depends on both the technically capable people 

and the cooperation of the team members. This suggests a combination of model P2a and 

model P2b. Besides the total training cost and team synergy, the overall fitness of 

workers to tasks also needs to be considered. We do not differentiate task and skill in this 

context because a task can be considered as the use of a skill and a task matches a skill. 

There are multiple ways to describe the fitness of a worker to a task such as the 

satisfaction level of a worker to a task, the aptitude test score of a worker for atask, or 

evaluation for a worker's performance on a task by the management. Once the M.O.S of 

the worters are assessed, the fitness levels of workers to tasks are determined, and 

operational requirements for each team are identified, this model can be used and its 
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solution can provide decision siq>port for guiding the assignment and training of workers 

into cellular teams. 

We call this combined model the advanced worker assignment and training model, 

termed P2. It is written as follows. 

Decision Variables: 

= 1 if worker i is assigned to cell k, 0 otherwise; 

Zij=\'̂  employee i acquires skill /, 0 otherwise; 

Xijk ~ proportion of time worker i does skill / in cell k 

neviatinnal Variables: 

dtnm = amount by which the total training cost exceeds 0; 

dmk ~ amount by which the team assigned to cell k exceeds goal m; 

dmk - amount by which the team assigned to cell k is under goal m; 

dflt - the amount by which the total unfimess exceeds 0. 

DataCoefiScients: 

% = cost to fiilly train worker i in skill j; 

St=number of employees to be assigned to cell ̂  

Sjk=amount of skill / needed in cell k, 

Oum-lif candidate i's mode of operation is at level m for trait t and 0 otherwise; 

Wnoi - Cardinal weight assigned to deoal 
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Wmk - Cardinal weight assigned to dmk ; 

WMt'=Cardinal weight assigned to dmk; 

fif=the fitness score of worker / to skill J; 0 ̂   ̂l; the closerfij is to 0, the fitter the 

worker i is for skill/; 

Wfit = Cardinal weight assigned to dju-

The model P2 then becomes: 

3 

Minimize Z ='M>^d^ (4-19) 
k ml 

Subject to: 

IZo-r.m = (4.22) 
t (-1 

S t i - i ; =  2 5 . ;  i n  =  2 ;  a l l  k ;  1 4 2 3 )  
i t-l 

Ir =l,foraUf; (424) 
k 

2, for all (4  ̂

IJT i Sf, , for allJ and k; (426) 
( fk  

zx.., s r. , for all I and ifc; (4.27) y yit MT 
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I-X , for all f and/; (4.28) 
it v* ij 

Yik, 0 or 1; Zg 0 or 1; 0 s s I; 0 s ;0 s d^-, 0 s d  ̂ (4.29) 

Equations (4.20-4.23) are goal constraints and equations {A2AA29) are feasibility 

constraints. Equation (4.20) is for minimizing the total training cost Equation (421) is 

included to minimfae the total task fitness score assuming the fitness of a worker to a task 

is proportional to the time the worker spends on the task. Equations (4.22) and (423) are 

to minimize the deviation fix>m the ideal team synergy level. The feasibility constraints 

are the combination of those in model P2a and P2b. The weights for the goals can be 

decided by the management One possible choice of the weights by the management can 

be as follows. Minimizing the total training cost is selected as the first goal. The 

secondary goal is to minimis the overall fitness vliile minimizing the cumulative 

deviation fiom the three team synergy goals for all teams is evaluated as the third. If we 

don't differentiate the weights for team synergy levels, we have ; for all m, 

k. We finally have w . »w. »w for this kind of management concern. Itis 
tfoin fit tfik 

also possible that all the weights are set equal to one if management does not differentiate 

the prioriQr on goals of training cost, individual fimess to their tasks, and team synergy 

level. The constraint on the individual training time, ̂ ch is inequation (7) in model 

P2a, is dropped in this advanced model since the training time and training cost ate 

correlated and training cost is already in out goal set 



105 

Team synergy in the advanced model P2 can be e}q)ressed in an alternative way. We 

just need to ignore the team synergy goal in the objective function (4.19) and change 

equations (4.22) and (4.23) to the following inequations; 

0.605  ̂£ IT'-. < 1.405 ;̂ m = 1,3; for all k;; (4.30) 
i>i (>i 

2.05, SJSA. Y^k <3.08^; m=2\ for all k\ (4.31) 
/'I 

42 Developing Solution Methods for Model P2 

The preliminary tests against the sub-model P2A of model P2 showed that the 

commercial optimization software could not guarantee to give us an optimal solution in a 

reasonable time. To obtain an optimal or near optimal solution for model P2, we need to 

develop heuristic or specially designed algorithms for model P2. Since the greedy 

heuristics in the Ught of natural selection and assignment process worked well for some 

situations in finding a solution for the PI problem, we are inspired to develop similar but 

more complex greedy heuristics for model P2. Since greedy heuristic can not exploit the 

structure of P2 problem in depth, we also develop beam search based heuristic for model 

P2. This method uses the upper bound on the optimal solution obtained by a greedy 

heuristic at each node to evaluate the promise of that node. This beam search based 

heuristic also utilizes a filter to filter out the poor nodes sprouted fiom a retained patent 

node by the filter fimction value at the child nodes. 

4 .̂1 Grecify Heuristic 
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A greedy heuristic is developed in this section for the P2 problem with a relatively 

simple procedure in polynomial time. We consider all three objectives listed in model P2 

together: 1) minimizing total training cost, 2) maximize (minimize) the total fitness 

(unfitness) of workers to skills assigned, and 3) minimize the total deviation from ideal 

synergy level for all teams. Since they ate ranked by the man^ement concem, we intend 

to seek a greedy heuristic with weighed consideration on the three goals to determine the 

cell assignment and training assignment for each worker. We first illustrate the thoughts 

to achieve three goals separately, then combine them to form our greedy heuristic for 

model P2. 

A conceptual basis for the greedy heuristic stemming fix)m the training cost goal is 

that if every woricer's skills are utilized to the maximal extent, or unutilized skills of 

workers in each cell is minimized, the training cost is also reduced. Some of the cases 

are illustrated as follows. 

When a woricer with skill(s) is assigned to a cell, we should let the worker perform the 

skill(s) that he or she possesses to save training cost The available daily work time per 

worker is limited to eight hours. When a cell has more than one skill that the worker can 

perform, we intend to use the worker's time to cover as many skills as possible. This 

means we are going to pour the woricer's time to the skill holes one by one in the 

ascending order of time required by the skills. The utilized skills of the worker are 

maximized and the remaining number of skills that still need worker time are minimized. 

Training cost is saved in this way. When a cell needs skill A for 8 hours, skill B for 8 

hours, and there are worker W1 with skill A only and worker W2 widi skill A and skill B, 
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the cell would choose worker W1 first and use Wl's eight hours to perform skill A. The 

unutilized skills are reduced in this way. When training is required, it is preferred to train 

workers in lower training cost skills for vidiich there is a large time requirement. 

The ̂ proach in the greedy heuristic for the individual task fimess goal is that the 

workers should be assigned to tasks for which they have the largest fitness. When they 

are assigned to multiple tasks, we should first allocate the worker's time to the task they 

are most suitable with. 

In the process of building the teams, the workers are selected into each cell one by 

one. The cellular team formation procedure intends to choose a worker rather than others 

fi:om the available worker population if the deviation from the ideal team synergy level is 

lowest after this worker is added into the team, even though this is myopic. This leads to 

the thought for meeting the team synergy goal. 

This greedy heuristic does the worker selection and assignment from level to level 

until all workers are assigned. The top level is level one. The bottom level is level N if 

we have ̂ workers to be assigned. A woricer is matched or assigned to a cell at each 

level of the process. 

At each level, all the available woricers are permuted against the available cells and the 

matches are evaluated. The best match is determined after the total impacts of each 

possible match to the three goals are evaluated. The detailed task assignment and time 

allocation to each task for the worker in a possible match is also determined by the 

greedy heuristic. The worker assignment at this level is that we assign the worker in the 
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best match to the cell in the best match. The criteria to select the best match are 

expressed as follows. 

Assume we are to evaluate all the matches at level / in the assignment process and get 

the best match for this level. The assigmnent process fiom the top level to level l-l gives 

a partial solution to P2 problem. At level /, each possible match of worker w and cell c 

stands for a possible partial solution extended to level /, and we term the impact on the 

three goals from this match as 2^  ̂̂  where 

z"' == +1SC"-*''"'- + V"--) (4.32) 
k mal 

Let's start from the impact on team synergy level first. We look at a match of worker 

w to cell c in level I after we have done the /-/ levels of assigmnent. Yut's representing 

the assigmnents of the worker i to cell k from top level to level / in the partial solution are 

known. If the number of workers assigned to cell k,k=l,..., IC, is Mk, we can calculate 

and d^*'̂ mk~ by solving the following equation set (equations (4.33) and (4.34)). 

^^o,aXik m-1,3; all k; i 6 assigned worker setin I levels (4.33) 
t tml 

4 

+d''''^mk -d'^'^'^mk' =2.0Af^; m=2;all k; i^assignedworker setin I /eve&(4.34) 
t (>i 

The value of the term, + w^~d''̂ '̂ mk') in (4.32), can be 
k ai«l 

determined after d''''̂ mk  ̂ and is known. 

Consider the impact on the goals of training cost and individual job fitness. The 

detailed task assignment and time allocation have already been determined from the top 
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level to level 1-1 in the partial solution. The impact of the partial solution at level / with 

assignment of worker w to cell c creates on these two goals can be evaluated by 

calculating and 

= + yfud%'+ 

is the training cost incurred for the assignment of worker w to cell c at level /. 

is the individual job fitness score >^en worker w is assigned to cell c at level /. 

The user defines all the weights. Each item in the formula is illustrated as follows. 

M 

=^train_cost, 
ml 

dj^ represents the training cost occurred fi»m top level to level /-/. d'^ =0, if 1=1. 

The train_costi is the training cost incurred for the worker assigmnent at level i, i = 1, 

1-1. Since we know each worker's task assignment, the training cost needed for each 

worker assigned can be determined. 

1-1 
d'i 

ml 

is the total fitness of the workers assigned fix)m top level to level /-/. 

=1. The fitnessi is the fimess score for the worker, ̂ ch is assigned to a cell at level L 

Since we know the detailed task assigmnent and time allocation for each task for each 

worker assigned, the value of fitnessf can be calculated easily. 
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Since we do not know the exact task assignment and time allocation to each assigned 

task for wocker w in cell c in level /, the value of Sd'̂  and can not be easily 

determined. A suitable task assignment and time allocation for worker w in cell c can 

reduce the impact of the assignment on the goals of training cost and individual job 

fitness. The determination of task assignment and time allocation for worker w at level / 

can be modeled as an integer programming model, termed M, if we look at the 

assignment of worker w to cell c at level / locally. The model Af is as follows. 

Minimize Z=w^Sd'^ + (4.35) 

Subject to: 

z = w ; (4.36) 

k = c\ (4.37) 

.forall/; (4.40) 

(4.41) 
J 

I JIT .for ally; (4.42) 
it 9k ij 

¥ik,OoTl;  Zi fOorl;  0£d^~ (4.43) 



I l l  

The model Mis intentionally written in a format similar to model P2 to save length of 

explanation, but the cell index k is confined to c and worker index i is confined to w. The 

meaning of each variable and data coe£Bcient stays the same as those in model P2 except 

S'j  ̂ is the amount of skill k still needed in cell k after the assignments of I-l levels while 

Sjk in model P2 is the amount of skill j needed in cell k. The time allocated to skill j 

should be less than or equal to the left skill requirements, as is explained in equation 

(4.40). The equation (4.41) makes sure that the woricer's time is fiilly utilized in the ceil. 

We assume that every worker's time has to be fully allocated in problem P2. 

The local optimal task assignment for worker w in cell c can be determined by solving 

model M. But we develop a greedy heuristic to assign tasks to worker w. The heuristic is 

computationally faster than using branch and bound to solve the model optimally. 

We repeat the following step to assign task(s) to the worker w. We assign one task 

and determine the time the woricer should spend on it at each step until the worker's time 

is used up. The time required for the tasks is S) ,j = 1,.. .J. At each step, we calculate a 

selection &ctor Rj for each task j with 5) > 0. It is certain that we only need to consider 

the skill in the cell that still requires a woricer. 

= for/with S ]  > 0  

Qj =rx^S' j ,X)  

X represents the available time left of worker w. The time the worker w can perform 

skill j will not exceed 0, the minimum of the available time left of worker w.X, and the 

time required for skill/, Sj. 
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With 0 as the denominator, Rj is the average cost per time unit if we assign worker w 

totask/.If it=argmin{J{y ;1  ̂j^JandSj >0}, we assign worker w to skill Ar with 

time ̂  and iqxlate the available time of this worker ( X = X - Q F )  and time requirements 

for each skill in this cell (St = Sk -Q;)- We repeat the above step until the worker's 

time limit or the time requirement of the cell is reached and obtain the heuristic solution. 

The feasibility of the task assignment heuristic solution is also guaranteed in this way. 

With the above greedy heuristic, we can obtain a solution for the local optimal task 

assignment problem and know the objective fimction value Z of this greedy solution. 

Therefore, the value of , the total impact on the three goals by assigning worker w 

to cell c at level /, is determined after we plug the greedy heuristic's solution for the local 

optimal assignment problem only at level / in the expression. 

k mml 

k /iml 

The best match at level / is the match with the least value of  ̂ The worker in the 

best match is assigned to the cell in the best match at level /. Along with the match of a 

worker to a cell, we can see that the task assignment and time allocation for the tasks ate 

also determined for this woricer. After the assignment at one level is done, the assigned 

worker is taken out of the available worker list and the left skill and labor requirements 

for the cell is iqxlated. The cell is taken out of the available cell list if its labor 

requirements ate met 
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After all the workers are assigned, the fonnation of each cellular manufacturing team 

is fixed. 

We call this greedy heuristic hierarchical woiker-cell greedy heuristic. It can be 

described in the following procedure. 

Hierarcliical Worker-Cell Greedy Heuristic For Model P2 

Step 0; Initialize the available woricer list U = {1,2,..., I) and the available cell list C -

{1,2,..., K); Set level number / = 1; 

Step 1: For any c, c s C and any w, well ,  calculate value of in the ascending 

order of w and then c with the task assignment heuristic. 

Step 2: Let (w*,c*)=argminfZ'*"'̂  :w^U;ceC}.  Assign worker w* to cell c*. tf there 

is a tie, the first match of w* and c* is selected; 

Step 3:Sjc» = S/e»- aw*j, for all J and  ̂15 

S\s^A:U=U-{w*}\ 

Step 5:5c* = Sc» -1; 

Step6: Sc» = 0, 

C = C-{c} ' ,  

Step 7: If C/  ̂

Stop; 

Else 

/ = / + /; Go back to Step 1. 

The designed experiment in Section4.1 is extended to test this heuristic in Section 43. 
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4 J J Greeify Hcuristic Based Beam Search 

Because the greedy heuristic is myopic, a more sophisticated beam search based 

heuristic is also developed for model P2. The beam search employs the iqiper bound on 

the optimal solution obtained by using the hierarchical worker-cell greedy heuristic at a 

node as the evaluation fimction value. 

Similar to the greedy heuristic, the beam search heuristic proceeds fiom level to level. 

It performs a breadth-first search with no backtracking. Each node in the search tree 

contains a combination of a worker and a cell, >^ch means the worker is assigned to the 

ceil. The information of task assignment and time allocation of tasks for this worker in 

the cell is also included in the node. The node also knows ̂ ^ch node at the next higher 

level it is fix)m so that we can trace back to a node at the top level. A path &om a node at 

the top level to any node in the tree represents a series of selection and assignment 

processes, i.e., a partial or complete solution for problem P2. For a node in the bottom 

level, a complete solution can be obtained by simply tracing back to a node at the top 

level. 

In the greedy heuristic based beam search, all the possible assignments of an available 

worker to an available cell are sprouted firom a retained father node and evaluated at each 

level of the beam search. 

Assume beam width w. Only the w best nodes at every level are expanded or sprouted 

into fiirther nodes at the next level. Different fiom the greedy heuristic based beam 

search used for the P1 problem, the beam search method for problem P2 employs a filter 
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so that it is a filtered beam search. All the expanded nodes representing the possible 

assignments are first evaluated >vith a filter function, ̂ ch calculates the value of Z''̂  ̂  

the local impact on the three goals at this level only. Only the filter width/child nodes 

with the best results are kept for a &ther node. For a partial solution represented by any 

of the child nodes filtered out at a level, the hierarchical woricer-cell greedy heuristic 

developed in last section is used to complete the solutioiL bi this way, a global estimate 

at a node on the impact of three goals is obtamed. It is also the evaluation function value 

at this node and is used to judge the promise of the node. Only w nodes are finally kept 

for this level and are sprouted into the next level. 

The filter does not consume much computational time to obtain a local estimate on the 

objective fimction value for the partial solution, but it uses less information in the 

problem. The global estimate on the objective function value comes fix)m a complete 

heuristic solution for problem P2 and uses more information in the problem, but it takes 

more computational effort to obtain. The employment of the filter enables us to filter out 

the nodes with poor performance before we have to compute a global estimate for each 

node possibly worth keeping. 

Given the greedy heuristic based beam search described above, one proposition can be 

concluded in this section. 

Proposition 4.1 
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For problem P2, let the objective function value of the solution by greedy heuristic 

based beam search be Zf, and the objective function value of the solution by greedy 

heuristic be Zg. We have Z^<Zg. 

Proof 

At the very first level of the hierarchical worker-cell greedy heuristic based beam 

search, all possible matches (nodes) of worker and cell are enumerated and the filter 

function is i^lied to each one of these matches. The node A with the lowest local 

impact or filter function value is guaranteed to pass through the filter. This holds for 

every successive stage as well. The evaluation function value at node A is actually the 

objective function value Zg of the solution by the greedy heuristic if node A is at the top 

level. If node A is not a node at the top level, the evaluation function value at it is the 

same with that at its retained parent node. Since the best w nodes are kept at each level, 

the lowest evaluation fimction value at a level is always less than or equal to that at the 

level right above. Therefore, we have Z^^Zg. • 

We write the procedure of greedy heuristic based beam search algorithm as follows. 

Greedy Heuristic Based Beam Search Algorithm for Model P2 

Step 1: Set beam width=w, filter width- f, level / = I, Available worker set {1,2, 

available cell set {1,2, Let the retained node set at level/ 

and Ro contains only one null node; 
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Step 2: Form the initial node sets for level/; iS={(n,w,c)|Un 

= available woricer set from node n. Cn = available cell set from node n. 

Step 3: Trace back fiom each node in Sto a retained node at the top level and obtain a 

partial solution?; 

Step 4: Compute the objective function value Zp for the partial solution with the task 

assignment greedy heurist ic  for  each neS.  

Step S: For each retained node n e , keep the f child nodes with lowest Zpi 

Step 6; For the /kept child nodes from each retained node n at level /-1, obtain the 

evaluation flmction value Ze at these nodes with the hierarchical worker-cell 

greedy heuristic. Keep the best w nodes with the lowest Ze as the retained nodes 

for level /; 

Step7:If/ = /, 

Go to Step 9; 

Else 

/ = / + 1 ;  g o  b a c k  t o  S t e p  2 .  

Step 8: Start from the retained nodes at the bottom level, trace back to level 1 and get the 

best w solutions. 

The designed experiment in Section 4.1 is extended to test this heuristic in Section 4.3. 

4 J Experiment Results and Comparison of the Heuristics 

We use the same fiili Notorial model with crossed Actors designed in Section 4.1.12 

for testing model P2a to test the performance of the heuristics developed for model P2. 
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The number of woricers per cell, number of cells, number of skills required at each cell, 

and initial skill level of work force are &ctors in our experiments, hi addition, the 

individual job fimess coefGcient,y ,̂ is assumed to be uniformly distributed between 0 

and L It is also assumed that an individual's mode of operation, M.O. has probability of 

20% to be at the level of hiitiating or Preventing and probability of 60% to be at the level 

of Responding. It is expressed in our experiment that the M.O. coefficient, aa„, is I for 

mode m=I or 3 with probability of 20%, for m-2 with probability of 60% over any trait t 

and am is always 1 for one mode and 0 for the other two modes at any trait The 

distribution of M.O. over the modes is indicated by the research over the sample 

population on the M.O. distribution by Kolbe Corporation. 

Ten replications are generated for each problem size or test configuration. Each test 

sample of the P2 problem is tested by Cplex optimization software package with an upper 

time limit set to 3600 seconds, the greedy heuristic, and greedy heuristic based beam 

search. The average over the ten replications on different performance indicators such as 

deviation against lower bound, hit rate, and solution time is used to evaluate the 

performance of each algorithm. The test results are summarized in Table 4.2,4.3, and 

4.4. The test results for each problem size or test configuration are ordered in the tables 

by the ascending problem size. The number of workers to be assigned is the first ranking 

&ctor for deciding the problem size. The number of cells to be assigned is the second 

ranking &ctor or the tiebreaker ̂ en the number of workers to be assigned is the same 

for two test configuratioiis. The number of skills required in each cell ate the third 

ranking fiictor and skill probability level of workforce is the fourth one. 



119 

Table 4  ̂shows the peifonnance of Cplex and our heuristics, which is the average 

deviation of the heuristic result fiom the lower bound on the objective fimction value 

obtained by CPLEX software with branch and bound method. Figure 4.1 shows the 

result siunmary in Table 4.2 by lines and dots. Table 4.3 and Figure 42 shows the hit 

rate, which counts number of times the heuristics identify the lower bound obtained by 

Cplex for the ten test samples in each sample group. The lower bound obtained by Cplex 

is the optimal objective function value for some test samples when the test sample is 

solved to optimality by Cplex within the time limit Table 4.4 and Figure 4.3 displays the 

average solution time of using our heuristics and the CPLEX optimization software to 

obtain the final solution. 

First, we discuss the experiment results separately for the three groups of solution 

methods: (1) Cplex optimization software, (2) greedy heuristic, and (3) greedy heuristic 

based beam search. Then the heuristics are compared and suggestions on how to use 

these solution methods are provided. 

4 J.1 Experience on Sotving Model F2 by Cplex 

From Figure 4.1 and 4.2, we can see that Cplex solved the model P2 to optimally for 

relatively small problem sizes in test configurations 1 to 11. Even for la^er problem 

sizes with 8 workers per cell, 8 cells, 8 skills required by each cell, and all skill 

probability levels (test configuration 19,20, and 21), the optimal solution was obtained 

by Cplex for all test samples. Further investigation on the solutions at test configuration 

19,20, and 21 shows that every worker was assigned to one task and worlted on that task 



Table 4.2 Average Percent Deviation over Lower Bound of Objective Value by Eadi Algorithm 

Test Number of No of Number of Skill Lower Bound 
Cplex Greedy B=I,F=1 B=1.F=2 B-2. F-I B-2.F-̂  Configuration Ceils Wo/Ceii Skills Probability by Cplex Cplex Greedy B=I,F=1 B=1.F=2 B-2. F-I B-2.F-̂  

1 2 2 2 0.8 17.20 0.00 8.60 0.91 0.01 0.01 0.01 
2 2 2 2 0.5 23.49 0.00 7.70 2.47 0.01 0.01 0.01 
3 2 2 2 0.2 25.43 0.00 6.56 1.71 0.01 0.01 0.01 
4 2 2 4 0.8 22.67 0.00 19.21 8.34 2.83 2.83 2.41 
5 2 2 4 0.5 31.02 0.00 11.89 9.43 3.28 0.98 0.77 
6 2 2 4 0.2 44.99 0.00 12.18 4.84 2.51 2.40 2.40 
7 2 8 8 0.8 31.44 0.00 24.34 8.15 1.51 3.73 1.52 
8 2 8 8 0.5 43.82 0.00 21.86 7.09 2.77 3.54 1.99 
9 2 8 8 0.2 68.43 0.00 15.89 5.30 2.34 3.39 1.36 
10 2 8 16 0.8 35.28 0.00 42.37 14.27 7.51 9.48 6.25 
11 2 8 16 0.5 43.81 0.00 51.55 19.36 12.43 16.38 10.67 
12 2 8 16 0.2 67.69 6.20 39.12 18.70 15.79 19.18 14.19 
13 8 2 2 0.8 67.05 0.47 11.79 5.43 3.91 5.27 3.77 
14 8 2 2 0.5 82.06 1.78 11.57 7.52 4.94 7.00 4.79 
IS 8 2 2 0.2 111.31 0.41 8.42 3.91 3.09 3.92 3.33 
16 8 2 4 0.8 55.69 25.09 47.64 34.68 28.20 34.49 . 27.61 
17 8 2 4 0.5 60.58 75.74 69.89 62.10 59.54 63.12 57.42 
18 8 2 4 0.2 86.72 88.03 80.14 75.84 71.98 73.73 72.10 
19 8 8 8 0.8 122.10 0.00 14.47 6.37 4.41 5.98 4.05 
20 8 8 8 0.5 158.74 0.00 14.76 6.51 4.14 5.94 3.73 
21 8 8 8 0.2 250.60 0.00 9.41 4.03 2.68 4.16 3.10 
22 8 8 16 0.8 105.27 34.05 46.77 30.32 27.88 28.99 27.80 
23 8 8 16 0.5 116.38 52.60 63.87 45.35 40.81 43.66 4179 
24 8 8 16 0.2 188.45 64.50 60.20 49.54 46.92 49.35 46.80 

Averacw 77.51 14.54 29.17 18.01 14.56 16.15 14.09 
Beam Serach Algorithm is tested with two levels of beam wi Idth (Bsl and Bs2) and two levels of fHl erwitdth (Fsi and Fa2). 
Bsl; Beam Width = 1* Number of Workers per Cell 
Bsl: Beam Width - 2* Number of Workers per Cell 
F«1:FilterWkMhs2 
F«2; Filter Widths 8 
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Figure 4.1 Performance of Algorithms by Deviation to the Lower Bound 
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Table 4.3 Solution Time by Each Algorithm for Model P2 (in Seconds) 

Test Number of No of Numlier of Skill 
Cplex Greedy B=I,F=I 0=1, F=2 3=2, F=l B=2,F'=2 

Configunrtion Cells Wo/Cell Skills Probability Cplex Greedy B=I,F=I 0=1, F=2 3=2, F=l B=2,F'=2 

1 2 2 2 0.8 0.2 0 0 0 0 0.2 
2 2 2 2 O.S 0.3 0 0 0 0.1 0 
3 2 2 2 0.2 0 0 0 0.1 0 0 
4 2 2 4 0.8 0.4 0 0 0.1 0.1 0 
5 2 2 4 0.5 0.6 0 0 0 0.1 0 
6 2 2 4 0.2 2.5 0 0.1 0 0.1 0 
7 2 8 8 0.8 1 0 2.9 8.9 6.1 17 
8 2 8 8 0.5 1.6 0.1 3.2 9.2 6.1 18 
9 2 8 8 0.2 1.7 0.1 3 9.2 5.9 17.8 
10 2 8 16 0.8 29 0 5.4 18.1 11.3 33.8 
11 2 8 16 0.5 458 0 5.6 18.1 11.6 34.4 
12 2 8 16 0.2 3672.1 0 5.7 18.1 11.5 34.2 
13 8 2 2 0.8 1200.9 0.1 1.6 4.2 2.8 8.7 
14 8 2 2 0.5 2632 0 1.6 4.4 2.9 8.9 
IS 8 2 2 0.2 780.6 0.1 1.5 4.5 3 9 
16 8 2 4 0.8 3S49;7 0.1 2.3 6.8 4.4 13.8 
17 8 2 4 0.5 3623 0.1 2.6 6.7 4.8 13.8 
IB 8 2 4 0.2 3625.9 0.1 2.5 7 4.7 14.4 
19 8 8 8 0.8 34.6 1.5 522.5 1854.7 1060.8 3767.3 
20 8 8 8 0.5 38.6 1.7 533.9 1913.8 1088.6 3853.5 
21 8 8 8 0.2 55.2 1.4 541.4 1928.9 1077.1 3873.7 
22 8 8 16 0.8 3433.8 3.8 1249.3 4442.3 2439.8 8883.5 
23 8 8 16 0.5 3632.1 3.5 1215.4 4465 2438.1 8860.6 
24 8 8 16 0.2 3642.1 3.7 1227.8 4412.4 2427 8861.9 

Averane 1267.3 0.7 222.0 797.2 442.0 1596.9 
Beam Serach Algorithm i s tested wHh two levels of beam wl Idth (Bsi and B=2) and two levels of filter witdth (F=1 and Fa2). 
B=1: Beam Widths 1*Numl)er of Workers per Cell 
B l̂: Beam Width » 2* Number of Workers per Cell 
F-l: Filler Width ° 2 
Fs2; Filter Width" 8 
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Table 4.4 Percentage tlwt algorittuns titt optimal solution (or lower bound) 

Test 
Configuration 

Number of 
Cells 

No of 
Wo/Cell 

Number of 
Skills 

Skill 
Probability Cplex Greedy B l̂, F-l B=l, F«2 B-2. F-1 B'̂ Z, F=2 

1 2 2 2 0.8 100 50 90 100 100 100 
2 2 2 2 0.5 100 40 70 100 100 100 
3 2 2 2 0.2 100 60 80 100 100 100 
4 2 2 4 0.8 100 20 20 50 50 SO 
5 2 2 4 0.5 100 10 20 70 70 80 
6 2 2 4 0.2 100 20 50 70 80 80 
7 2 8 8 0.8 100 0 0 40 20 40 
8 2 8 8 0.5 100 0 0 40 30 40 
g 2 8 8 0.2 100 0 0 10 10 30 
10 2 8 16 0.8 100 0 0 10 10 10 
11 2 8 16 0.5 100 0 0 0 0 0 
12 2 8 16 0.2 0 0 0 0 0 0 
13 8 2 2 0.8 80 0 20 SO 20 50 
14 8 2 2 0.5 30 0 0 0 0 0 
IS 8 2 2 0.2 90 0 10 20 10 20 
16 8 2 4 0.8 0 0 0 0 0 0 
17 8 2 4 0.5 0 0 0 0 0 0 
18 8 2 4 0.2 0 0 0 0 0 0 
19 8 8 8 0.8 100 0 0 0 0 0 
20 8 8 8 0.5 100 0 0 0 0 0 
21 8 8 8 0.2 100 0 0 0 0 0 
22 8 8 16 0.8 0 0 0 0 0 0 
23 8 8 16 0.5 0 0 0 0 0 0 
24 8 8 16 0.2 0 0 0 0 0 0 

Beam Serach Algorithm is tested with two levels of beam width (B l̂ and 6^2) and two levels of filter witdth (F l̂ and F-2). 
8=1: Beam Width = 1* Numtier of Workers per CeH 
B=1: Beam Width - 2* Number of Worl(ers per Cell 
FM: Filter Widths 2 
F»2: Fitter Width = 8 
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with his total available time of 8 hours. This also matches the &ct that we need to 

allocate 8 hours to each skill in each cell in these test samples. The special values of the 

time requirement coefficient, Sjk may be the reason that Cplex performed well for these 

test configurations with a relatively large problem size. But Cplex could not solve the 

problem size of 8 cells, 2 workers per cell, 4 skills required in each cell, and the problem 

size of 8 cells, 8 woricers per cell, and 16 skills required in each cell to optimality in the 

set time limit The gs  ̂between the feasible solution found by Cplex and the lower 

bound identified ranged fix>m 25.09% to 88.03% in deviation firom the lower bound. For 

these two problem sizes, four hours of working time were required for each skill. Each 

worker had to split his or her time on different tasks. 

The solution time by Cplex shown in Table 4.3 was reasonably short when Cplex 

could identify the optimal solution with not many cuts of the feasible region. But it 

would exceed the time limit or computer memory limit before it could find the optimal 

solution for the problems with large size and complexity. 

In general, we can say that Cplex performs well for small problem sizes or even big 

problem sizes with special coefficeint values. But it &ils to find ihe optimal solution or 

a solution close to optimality within a reasonable time for a problem with large size. 

432 Experience on Solving Model P2 by Greedy Heuristic 

The greedy heuristic could find a feasible solution for the P2 problem in a fiury short 

computation tune as shown in Table 4.4. The computational time was less than 4 

seconds for the biggest problem size tested for model P2. 
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Table 4.3 shows the greedy heuristic performed poorly in identifying the optimal 

solution. The greedy heuristic only found the optimal solution for some test samples in 

the problem sizes of 4 workers to be assigned into 2 cells. It failed for all other problem 

sizes. For relatively small problem sizes fiom test configuration 1 to 11, the solution 

found by the greedy heuristic deviated from the optimal solution obtained by Cplex by 

6.56% to 51.55%. For the problem size of 8 cells, 8 workers per cell, and 8 skills 

required in each cell, the deviation of greedy heuristic results from the optimal solution 

was up to 14.76% with computational time less than 2 seconds. 

It is also noticed that for test configuration 17,18, and 24, the deviation of the greedy 

heuristic results from the lower bound was less than the deviation of the best feasible 

solutions obtained by Cplex optimization software. It took Cplex about 3600 seconds to 

find its best feasible solutions while it took the greedy heuristic less than 4 seconds to 

find its solution. 

4 J J Experience on Solving Model P2 by Beam Search Method 

Because the greedy heuristic is myopic and can not utilize the knowledge about the 

problem structure in depth, the greedy heuristic based beam search algorithm is 

developed for model P2. The beam search algorithm does a limited search for aquality 

solution in the feasible region. The test results of beam search algorithm significantly 

outperform those ofthe greedy heuristic against the same sets of test samples. We 

summarize our experience with solving model P2 with beam search algorithm in a few 

subsections. 
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4 J J.l Less than 5% deviation from optimal solution for small problem sizes 

Let's look at the test results of the beam search algorithm with beam width and filter 

width both at level 2 in Table 42. We see that the largest deviation by the beam search 

algorithm from the optimal solution was 2.41% for the test configurations 1 to 9 with 

problem size up to 2 workers per cell, 8 cells, and 8 skills required in each cell. The 

longest average solution time was 18 seconds. Even for larger problem sizes of 8 

workers per cell, 2 cells, 2 skills required in each cell, and 8 workers per cell, 8 cells, 8 

skills required in each cell, the test results fix>m the beam search algorithm were still less 

than 5% away from the lower bound identined by Cplex. The longest average solution 

time was 3873.7 seconds for test configuration 21 with 8 workers per cell, 8 cells, and 8 

skills required in each cell, and skill probability 02. We also need to notice that Cplex 

found a solution for the P2 problem with at most a 1.78% deviation from optimality for 

all above test configurations with a set upper computational time limit of3600 seconds. 

The greedy heuristic performed worse for these configurations with deviation to lower 

bound ranging finm 6.56% to 24.34%. 

43 J.2 Smaller deviation to LB than that Cplex achieved for largest problem sizes 

When the problem size entailed assignment of 64 workers to 8 cells with 8 workers in 

each cell, and 16 skills were requited in every cell, the deviations from the lower bound 

Cplex achieved were 34.05%, 52.60%, and 64.50% for the work force skill probability 

0.8,0.5,0.2 respectively. However, the beam search with beam width and filter width 
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both set to level 2 had deviation of27.80%, 41.79%, and 46.80% for the three skill 

probability levels with the same problem size. The deviations from lower bound 

decreased 625%, 10.81%, and 17.7% for the above three probability levels. Cplex was 

stopped at the time limit of3600 seconds for these test configurations. Further tests on a 

couple of test samples showed that the Cplex would run out of computer memory wiien 

computational time got to about 7000 seconds and there was litde gain in the lower 

bound and solution quality. The avers^e solution time to complete the beam search with 

beam with and filter width at level 2 was fix)m 8860.6 seconds to 8883.5 seconds. When 

we relaxed the beam width and filter width both to level 1, the solution time beam search 

algorithm required was about 1200 seconds. The deviations by beam search algorithm 

with beam width and filter width set to level 1 were 30.32%, 45.35%, and 49.54%, which 

were close to those achieved by setting the beam width and filter width to level 2. 

4333 No significant performance improvement by increasing beam or filter width 

The overall average deviation was 18.01%, 14.56%, 16.15%, and 14.09% for the four 

beam width and filter width combinations tested. It seems the deviation decreased 2% to 

3.5% by increasing the filter width from level 1 to level 2, but very little by increasing the 

beam width finm level 1 to level 2. At the test configuration 21, the deviation became 

larger when the beam width increased fix)m level I to level 2. By looking into the 

detailed solution ou^ut file, we found that the higher level of beam width obtained better 

iqtper bound on the objective value than the lower beam width at the first few levels of 

beam search. But it did not gain much by fiirther exploration from these partial solutions 
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it stuck to. On the other hand, the search vdth lower beam width did not get as good an 

upper bound and partial solution as the higher beam width did at the begimiing phase of 

the search, but it gained more by further deploring the partial solutions it held to. For the 

same reason, we can not guarantee the increase of filter width will improve the solution 

quality by the beam search method developed for this model. However, by increasing 

filter width fix)m 2 to 8 reduced overall deviation at least 2% in the test of the beam 

search algorithm. 

We can also see that the overall average solution time doubled when the beam width 

was doubled. The solution time required at filter width 8 was about 4 times longer than 

the solution time required at filter width 2. 

4.4 Additional Test on Solving Model P2 by Simulated Annealing 

Even though the beam search achieved smaller deviation from the lower bound than 

Cplex over the large instances in the test configurations 22,23, and 24, the deviation by 

beam search was still high. The high deviation may be due to the poor qualî  of the 

lower bound obtained by Cplex within the time limit and computer memory. However, 

this fact leads us to look at other heuristics and their performance for obtaining a quality 

solution for problem P2 and to see if there is any improvement with the deviation as an 

effectiveness verification of the beam search algorithm. We choose the traditional 

simulated annealing and £q>ply it for problem P2 for some tested instances in Section 4.3. 

Simulated annealing, a randomized neighborhood search method, has been effectively 

used for solving combinatorial optimization problems (Otten and Ginneken [1989]). 
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Rayward-Smith, Osman, Reeves, and Smith (1996) reviewed the concept of simulated 

annealing and its plications. Simulated annealing algorithm starts fiom a feasible 

solution at a starting temperature T. It generates a move to another randomly generated 

feasible solution from the current solution at each step. It certainly accepts a move to a 

better solution. Unlike the neighborhood search, it allows the move to a worse solution 

with a controlled probability related with temperature T so as to circumvent the local-

optimum. The temperature T cools down in the annealing process to a state that a move 

to an inferior solution is nearly always rejected when the algorithm stops. The best 

solution found in the simulated annealing process is the final solution for the problem. 

The inhomogeneous cooling schedule, ̂ ch reduces temperature after each move by 

a very small amount, is more commonly used in practice. It is adopted in the simulated 

annealing for problem P2. The notations we use for plying the simulated annealing are 

as follows. 

AT: Number of cells; 

/: number of workers per cell; 

J: Number of skills required in each cell; 

Tn: Temperature at each move, n = 0,1,2,..., N; 

Sol hiitial solution obtained by the greedy heuristic. It can be defined by z lKx I  matrix Y 

andlxJmatncesXk, 1,2, Fijisthe worker id of the worker number/ 

assigned to cell k SDAX^'mXt represents the amount of time worker number i 

performs skill / in cell k; 

s: Current solution; 
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s': new neighbor solution randomly generated from s; 

5*: Current best solution; 

f(s): objective function of 5. 

To generate a new neighbor solution from the current solution, we first randomly 

choose two cell kl and k2. Then we generate two random numbers wl and w2 in the 

range of 1 and number of woricers per cell I, and switch woricer wl in cell kl and worker 

w2 in cell k2. However, The values of A!}/'5 in the new A*/ andXa still need to be 

determined after we switch the two workers. Since we already know the workers 

assigned to cell kl or k2, the determination of task assigmnent and time allocation can be 

formulated as an integer programming model, termed Q, as follows. 

Decision Variables: 

Zi, -1 if employee 1 acquires skill j, 0 otherwise; 

Xif=proportion of time worker i does j; 

Data CoeflScients: 

%=cost to fully train worker i in skill /; 

fy = the fitness score of worker i to skill 0 s /„ s l; the closer is to 0, the fitter the 

worker i is for skill/; 

Sj - amount of skill/ needed; 

The model then becomes: 
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Q: Minimize Z^XZcijZij+XX (4.44) 

Subject to: 

ZX..̂ Sj .foraUy; (4.45) 

X X . ,  f o r  a l l / ;  
7 y 

(4.46) 

X. .  £Z. . ,  for all i  andj :  
ij I] (4.47) 

Z^QorV,  OS A' SI (4.48) 

The objective function (4.44) computes the cost of training and the total amount of 

individual fitness. Since the Kolbe team synergy levels are detemunistic given the 

woricers assigned to the cell are known, team synergy objective is ignored. Equation 

(4.45) ensures that the time spent by the set of workers assigned to perform each skill / is 

at least as large as the requirements for the cell. Equation (4.46) limits the amount of 

woric that can be assigned to any individual. Workers can not be assigned with more than 

fiill time duties. Equation (4.47) ensures that woikers ate only assigned tasks for A^ch 

they are trained. Equation (4.48) enforces the binary and nonnegative restrictions on the 

variables. 

We then develop a greedy heuristic for model Q. It is very similar to the hierarchical 

worker-cell greedy heuristic in section 4.2.1 for model P2. The greedy heuristic starts 

&om first level and ends at the level of number of workers 1. It detemiines the time 

allocation for one worker at each level of assignment At each level, the heuristic 

calculates the total of training cost and individual fitness, Z '̂̂ for each worker available 
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and allocates the time for the worker with the least amount of training cost and individual 

fitness. For calculating the value of 2^** for a worker, we also ̂ ply the concept of 

average cost per time unit, Rj used in the greedy heuristic for model P2. Against a 

woricer, we keep assigning his or her time to the task with the lowest average cost per 

time unit until the individual's time is used up. Now that the values ofXij's in the new 

Xu sndXa are determined, the training cost, total of individual fitness can be simply 

computed for cell kl and k2. We keep the time allocation and task assignment in the cells 

other than kl and k2 the same so that the objective fimction values for these cells stay the 

same. The value of fimction f(s*) is the summation of the objective function value for all 

the cells. 

After the generation of a new neighbor solution and determination of its objective 

function value is discussed above, our simulated annealing algorithm is described in the 

following procedure. 

Simulated Annealing Procedure for Model P2 

Step 0; Obtain the initial solution So for a problem P2 instance with the greedy heuristic. 

Set5=5*=5®;n = 0; 

Step 1: Generate a new neighbor solution 5'from current solution 5; 

Step 2: accept J'and replace 5 with 5*; ]if(s*) replace the current 

best solutions'; 

Step 3: Uf(s') >f(s), accepts'and replaceswiths'with probability 

Step4:r ,̂=ar.; 

Step 5: tfn=N, 
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Stop; 

Else 

Go back to Step 1. 

We î lied this simulated amiealing algorithm to obtain the solution for the 10 

instances at test configuration 23 with 8 cells, 8 workers per cell, 16 skills required per 

cell, and skill probability 0.5 in the experiments of section 4.3. The initial acceptance 

rate was set to around 60% and stopping temperature was set to have the acceptance rate 

less than 1%. The solution time is set to about one hour, >^ch was in the range of the 

solution times by the beam search algorithm. 

Table 4.5 shows the deviation fiom the lower bound achieved by the simulated 

annealing and the performance of the beam search as well. The average solution time for 

the ten replications by simulated annealing was 2832 seconds on the same Sun 

workstation. We can see that the simulated annealing performed better than the greedy 

heuristic also and was at the same performance level as the beam search though the 

average deviation is slightly larger than the beam search with the beam width at level 1 

and filter width at level 2. Our results show that the simulated annealing did not improve 

the deviation finm the lower bound by the beam search significantly. 

Figure 4.4 further shows how fast the beam search and simulated annealing ̂ >proach 

improved the best solution they obtained for one out of the ten replications tested. We 

can see that the beam search achieved lower objective fimction value faster. The beam 

search might have ended with a solution close to the final one even if we tennmated it 

sooner than the completion time. 
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TabI* 4  ̂ComiMrfMn of ttw Objaetivt Value by Each Algorithm and the t.ow«r Bound of Ottfaethre 
Valua by Cplax forth* Tan Rapliealiona 

ReplkatioB 
Lower 

Boudby 
Cpfcx 

Cpla Greedy B-1,F-1 B-2,F-1 B>>2,F>>Z SionJatcd 
AaMaKsf 

I 119J 49.14 60.01 44.76 40.78 43.26 40.78 45.21 
2 127J32 41.52 59.13 42.04 40.10 42.04 40.10 39.25 
3 101.72 63.08 76.22 52.80 52.63 57.27 57.10 4827 
4 113.516 5720 62.16 43.98 35.28 43.98 42.72 37.78 
5 117.512 58J2 83J4 54J8 51.23 5438 50.25 46.02 
6 103.86 62.04 75.12 5732 46.75 4839 46.75 43.99 
7 101.288 56.44 53.97 41.01 36.15 36.54 36.15 38.84 
8 122.408 44.55 68.82 48.47 42^1 46.40 39.42 42.97 
9 133.S88 43J2 44.02 29.89 28.74 28.90 28.74 33.95 
10 123.072 50.24 55.87 38.82 34.20 35.65 35.94 40.77 

Avenic 116J8 52.60 63J7 45J5 40.81 43.68 41.79 41.71 

Beam Serach e tested with 2 levels of beam width (8^1 and 8=2) and 2 levels of filter witdth (F=1 and F=2). 
B=1: Beam Width = 1* Number of Workers per Cell 
B=1: Beam Width - 2* Numberof Workers per Cell 
F=1:RlterWidth = 2 
F^RIterWidth-8 

Figure 4.4 Best Solution Lnprovement Over Solution lime 
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4.5 Model Usage and Suggested Solution Method 

We fonnulated the advanced worker assignment and training model. Model P2 in this 

ch t̂er. It represents the effort that we drive a manu&cturing cell to meet the operational 

requirements, have a cohesive and cooperative working environment, and individual 

satis&ction with his or her job. The model considered the operational specifications for 

running manufacturing cells such as the amount of time required to perform a skill in a 

ceil, individual training cost for a skill besides the basic operational factors in Model PI. 

Based on the Kolbe concept on the M.O. and team synergy, model P2 aimed to maximize 

the team synergy levels across all manufacturing cells given that the M.O. data of the 

workers are known. We assumed that Human resources are able to obtain the M.O. test 

results or other types of measurements on the team work tendency from workers. It 

needs to be mentioned here that a person's M.O. test result is a measure of the 

individual's conative Cî bility. There is no good M.O.S or bad M.O.S, i.e., conative 

capability is not differentiated by good or bad. Model P2 also took account of the 

individual tendency on different tasks. Some people prefer administrative work while 

some other workers like hardware handling work. Someone may not be happy with his 

or her work even though he or she is trained to do it We used individual fitness 

coefficientfg to represent the fitness of a person i to a job /. One of the model's 

objectives is to maximiy  ̂the total amount of the individual fitness to their jobs. 

Solution of Model P2 can guide us to assign the workers to manufacturing cells and 

identify the suitable tasks for the workers, and even quantify the amount of time a worker 

should spend on different tasks to meet the cell operational requirements. 
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Due to the computatioiial complexity  ̂of model P2, simply trying to solve the model 

with commercial optimization software is not enough. We developed greedy heuristic 

and gieedy heuristic based beam search algorithm for model P2. The algorithms and the 

optimization software package Cplex were tested for obtaining a solution for model P2 

against the test samples out of a fiill factorial experiment design. The &ctors include the 

number of workers to be assigned, number of cells, number of skills required in each cell, 

and worker force skill probability. The test results showed us that Cplex found the 

optimal or close to optimal solution for model P2 when the problem size is small or even 

when problem size is large but the skill requirements are low. But M^en the problem size 

was large and the skill requirement level was high, the best Cplex solution experienced a 

large deviation from its lower bound ̂ en the solution time exceeded the time limit of 

3600 seconds. The deviation from the lower bound by beam search algorithm showed 

good improvement over Cplex for the tested P2 instances with large problem size and 

high skill requirement level. Additional tests with simulated annealing were done for 

model P2 at test configuration 23 in the designed experiments. Our test results showed 

that the simulated annealing method had the same level of deviation from the lower 

bound as the beam search method. However, it did not improve the deviation from the 

lower bound obtained by beam search significantly. One detailed test result showed that 

the beam search sqtproach improved its best solution &ster than the simulated annealing 

approach. We should be confident with using beam search to obtain a solution for 

problem P2 with a cell configuration close to the tested problem instances when Cplex 

could not find a solution close to optimality in a reasonable computational time. 
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The real world worker assignment and training process is still more complex than that 

modeled in P2. Manu&cturing companies are facing a more competitive product maiket 

and work force maiket than ever before. How to keep the work force and training the 

work force to a higher level of job proficiency within the training resource places more 

challenges on industrial engineering research in this field. Human, economic, and 

technical issues are intertwined. The beam search solution method developed in this 

chapter showed promise result over commercial optimization software for obtaining a 

quality solution for a large instance of P2. But, we still need to obtain a better lower 

bound to assess the quality of our heuristic solution in this chapter or investigate other 

efBcient algorithms for model P2. The work done in this dissertation and future research 

will be discussed in the next ch2q)ter. 
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CHAPTERS 

Condusioii and Future Research 

The transfonnatioii from the traditional process layout to a more flexible cellular 

manufacturing system has enabled manufacturing companies to reduce cycle time, 

achieve cost savings, and improve product quality and employee satis&ction. The design 

and implementation of a cellular manu&cturing system requires one to identify and 

determine the machine groups and part families, decide the routes of the part families in 

the system, layout the cells, assign workers to cells, and train the workers so as to acquire 

the necessary skills for the manufacturing operations. The past research has focused on 

the methodology for identification of machine groups, part fsonilies, and processing 

routes. Little research has been done to support decision making in relocating the 

existent workers to manu&cturing cells and determine the training need for each of them. 

Thus, this dissertation investigated the reassigimient of an existing workforce into 

manufacturing cells. The associated problems of determining training plans and task 

assignments for workers were included. The objective was to form cohesive teams, fit 

workers to tasks, and minimize training cost 

An integer programming model, termed PI, was proposed to determine the assignment 

of woricers to cells and the aggregate traming needs for each cell. The iî ut for this 

model includes the head count for each cell, number of workers required to have the 

necessary skills, and the training cost for each skill. It was shown that a special case of 

this PI problem is NP-hard. Therefore, we developed and tested greedy heuristics. 
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greedy heuristic based beam search, and linear program based beam search algorithms for 

model PI. All of the procedures can be worker oriented, cell oriented, or best worker-cell 

oriented. All the heuristics adopt the thought of assigning one worker to a cell at each 

stage. The worker oriented ̂ proach sorts the workers by their skill amount in 

descending order and assigns the workers in this order. The cell oriented approach 

always selects the cell with the largest amount of skill needed at every level of 

assignment and chooses a worker fiom the available worker list for this cell. The best 

worker-cell oriented method tries out every possible assignment of a worker to a cell and 

chooses the match where the worker's skills are most utilized. A full factorial 

experiment design was used to generate test samples and test the algorithms and the 

commercial optimization software package Cplex as well. The summary of our test 

results shows that the beam search based algorithm can solve the test samples of the P2 

problem to or quite close to optimality. However, the computational time required 

exceeded that of the greedy heuristics. The greedy heuristics do not perform well at all if 

the skill probability level of the existing work force is low. 

Because model P1 is just a basic model to describe the worker assignment and training 

problem, there are limitations with the decision support its solution can provide 

management. After investigation of the operational specifications, team, and individual 

Victors related with the efficient and effective cell operations, we formulate model P2 to 

guide the worker assignment and training for fiicility conversion. Model P2 further 

describes the cell operations with the amount of time required for performing a skill or 

task instead ofa rough estimate ofthe number ofwoikers needed for a skill. Thettainmg 
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cost for a skill is also differentiated by individual. Second, we model the team synergy 

based on the Kolbe concept in model P2 given that the individual's M.O.S are available 

through a standard KCI test This part ofmodelP2 allows us to assess and predict the 

team performance based on the KCI scores of its members. The third part of model P2 

characterizes the individual fitness over his or her tasks and represents the employee 

satisfaction against his or her job. Model P2 is a goal programming model with three 

weighted goals: 1) total training cost, 2) total team synergy levels of all teams, and 3) 

total individual fimess to their jobs. The management preference or the particular 

practice decides the weights over the three goals. 

Due to the computational complexity for solving model P2, we developed specific 

heuristic algorithms to solve the P2 problem. A greedy heuristic procedure was first 

proposed. It compares all the possible assignments of a worker to a cell at each level of 

assignment and picks the match with the lowest increase to the objective function value 

as the assignment for this level. Since it is myopic, its performance represented by the 

avenge deviation to the lower bound or the optimal solution if available is not good by 

our test results. But we further developed the beam search algorithm based on the greedy 

heuristic. The test result summary shows that the beam search algorithm outperfomis the 

greedy heuristic significantly even though it requires longer computational time. When 

the problem size was small, Cplex could solve the P2 problem to optimality in a short 

time. When the problem size was small, beam search could also solve small size P2 

problems within a short time, but it experienced to 10% deviation to the optimal 

solution. When problem size is large and skill requirements are high, the beam search 



143 

algorithm identified solutions with significantly less deviation to the lower bound than 

the feasible solutions Cplex obtained within the set time limit. We did additional tests 

with a simulated annealing algorithm for solving model P2 at test configuration 23 in the 

designed experiments. Our test results show that simulated annealing obtained solutions 

close to those obtained by the beam search method. However, it did not improve the 

deviation from the lower bound achieved by the beam search significantly. A 

comparison on the best feasible solution improvement over solution time for one of the 

ten test instances shows that the beam search improved its best solution &ster than the 

simulated annealing ̂ proach. Man^ement should have more confidence with using 

beam search to solve the P2 problem with a large size, high skill requirements in each 

cell, and the cell configurations close to the tested problem instances. 

Worker assignment and training for forming cellular manu&cturing environments is a 

conq)licated problem. Besides the fiu:tors included in model P2, additional &ctors need 

to be considered to have a closer description of the real world practice. Some additional 

factors may be handled by model P2 with a broader interpretation of its variables and 

constraints. For example, we may meet the situation that new hires are required for 

manu&cturing operations. Given the existent production system, there is an upper limit 

for the throughput rate. New hires and equipment may be needed or desirable to meet an 

increasing customer demand. Potential job descr^ons can be added to the input with 

hiring cost replacing training cost Pseudo manu&cturing cells in the model can be used 

for holding machines and/or woricers that will not be retained. 
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Model P2 takes a static picture of the worker assignment and training problem in a 

sense, but the real world case is dynamically changing. The model could be extended to 

deal with the multi-period situation with changing demand. In model P2, one of the 

woricer's attributes is skill-has or skill has-not In real world, a skill can be differentiated 

into different proficiency levels. Worker skill levels may be allowed to vary over time as 

experience is acquired or a worker's skill level may even go down if his skill has not 

been practiced for a period of time. Learning curves may be integrated into the future 

model and a dynamic hiring and training plan can be developed. Additional training 

coordinators may need to be hired to plan and organize the increased training activities in 

the process of facility reconfiguration. Due to the availability of the trainer and training 

classes, the workers to be trained may need to be assigned to different classes, which may 

be different in time phase or different in instructor. Thus, the training setup cost, the 

limitation of training resources could also be included in the iiiture model. Future 

research should investigate the feasibility  ̂of including these extensions to model P2 by 

varying the limits on the indices or adding an extra time dimension. For example, 

instead of defining decision variables aadX^k in model P2, such that 

employee i acquires skill/, 0 otherwise; we can incorporate the training class index t and 

define the decision variables as Zqt in the extended model, such that Zijt = 1 if employee i 

acquires skill j in class t, 0 otherwise. The following constraint 

Zz.. , for all j and c 
I 'jt jt" •' 
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can be added to express the liinitation of training resources. is the number of trainees 

allowed for learning skill j in class t. Workers may be allowed to progress to higher 

classes over time. 

Model P2 included measures of the fit between an individual and a prospective task 

for training and team synergy measures ̂ en forming woricer teams. The deviation 

against a 25%, 50%, 25% mix of hiitiator, Responder, and Preventer in each team was 

used to predict the team synergy. It needs to be pointed out that the deviation we 

modeled in model P2 is an ̂ gregate measure across the four action modes. However, a 

more robust prediction of the team synergy or performance may come &om the deviation 

to the targeted mix of hiitiator, Responder, and Preventer/Resistor for each of the four 

action modes instead of all of them together. But when there is only a small number of 

team members, the targeted mix needs to be redefined instead of using the 25%, 50%, 

and 25% mix. For instance, if the there are only two team members in a ceU, there is 

none of them, one of them, or both of them in any zone of Mtiator, Responder, or 

Resistor so that the weight at any zone can only be 0,50%, or 100%. hi the future, 

model P2 may be extended to include the interactions among the team members and the 

tasica a worker is assigned to. The relationship of the tasks to be assigned may be added 

into the worker assignment model when there are conflicting tasks or sequences of skills 

to be acquired. 

The extensions of model P2 will require more computational effort than model P2. 

Efficient solution methods need to be developed for solving them. The general 

methodology of beam search is a possible î yproach, but a new evaluation fimction needs 
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to be defined by exploiting the model structure in depth. A second approach will be to 

attempt to find valid inequalities that can strengthen the formulations of the extended 

model. Another approach can be to exploit the generalized assignment nature of the 

worker assigmnent and training problem to decompose the problem into assigmnmt and 

training subproblems. While solving the octended worker assigmnent and training 

model, which may be an integer programming model or other type of mathematical 

programming model, researchers may be able to distill a methodology for solving the 

general integer programming or mathematical programming model fix)m the algorithms 

and methods developed. 

Further research in solving the worker assignment and training problem for team-

based cellular manu&cturing systems will provide a compendium of models. These 

models include combinations of technological and personality factors relating to 

assigning tasks to workers, developing training schedules for workers, and forming 

effective worker teams to meet cell workloads. Corresponding efficient and effective 

solution methods will be developed for each model. The research work in this area will 

provide a usable methodology for manufacturing mans^ers to allocate workers and tasks 

into cells and for human resource manners to improve their return in training 

investment To bring the results of this research into practice, user fiiendly software 

packages will be developed based on the models and corresponding solution methods and 

integrated into human resource functions. 
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