
     AN OVERVIEW OF COMPUTER LOGISTICS MODELING PRIVATE 

Employing automated logistics modeling techniques offers an opportunity for conserving resources by facilitating optimal integrated logistics support decisions.  Danger exists in suboptimizing based only on immediate visible constraints.  An example of such an incorrect suboptimization occurs when one attempts to optimize spare part inventory isolated from reliability growth, available maintenance policies, operational availability, total life cycle costs, and other less visible but highly relevant factors.  Likewise, treating cost elements isolated from a system's total life cycle costs often leads to difficulties.  For example, neglecting to assess the true impact of research and development (R&D) funding on life cycle costs has lead to bankruptcy or ruin of many companies failing to improve old products and create new ones.  Investment in capital growth and development of new products are cost elements frequently neglected for their value in sustaining an organization.  Another area often neglected is the integration of the logistics of acquisition.  Designing, testing, fielding and managing a system acquisition program requires that hundreds of parallel activities be integrated to ensure timeliness, completeness, management feedback control, risk management, and cost control.   Networking techniques, such as the Critical Path Method (CPM), Program Evaluation Review Technique (PERT), and the Venture Evaluation Review Technique (VERT) offer important techniques for ensuring integrated acquisition.  Such methods force logistics planners to regard activities in parallel along with their interdependencies rather than in a simplistic sequential disconnected non-optimal way guaranteed to cause overruns in time and costs.  We give an overview of the logistics modeling strategies and suggest the great power afforded by logistics models when they are applied intelligently.          

                              By Joseph Edward Brierly, Ph.D.

     This article gives an overview of the six general methodologies employed in modeling.  We regard the logistics support analysis (LSA) technique, ILS tool, and logistics model as essentially synonymous here.  Included in the methodologies are the deterministic, functional/stochastic, algorithmic, mathematical programming, artificial intelligence and simulation strategies. Simulation is inseparable from the other strategies and employs all of the other strategies in its internal workings to achieve its main external objective, which is to electronically create a simulated reality permitting knowledge without actualization.  Great cost savings result from this approach.  It permits training airline pilots in flight simulators, testing battle strategies electronically, testing alternative design strategies, and  more at a fraction of the cost of training pilots with actual flights, testing strategies in field maneuvers, and physically building and testing design prototypes.  All models employ some combination of the six general methodologies.  

     Specialized logistics models exist for performing a wide range of LSA.  The US Army provides an LSA Techniques Guide (AMC-P700-4) listing over 300 automated and manual techniques for optimizing and planning logistics support.1  The LSA Techniques Guide has been available since the early eighties and documents the Army's concerns with having a coordinated centralized logistics modeling program.  Each year the Army surveys the acquisition communities for new techniques, applications of existing techniques, and suggestions to improve the Guide.  Following is a list of categories of logistics modeling areas covered by one or more analytical techniques found in this Guide.

   1.  Life Cycle Cost

       a.  Operating and Support

       b.  Research and Development

       c.  Investment

       d.  Retirement of worn out and obselete systems

   2.  Provisioning

       a.  Spare parts

       b.  Technical manuals

   3.  Level of Repair Analysis

   4.  Reliability, Availability, and Maintainability

   5.  Quality Control

   6.  Program Planning and Scheduling

   7.  Manpower, Personnel, Training, Facilities and MANPRINT

   8.  Combat and Resupply Simulation

   9.  Useful Life

       a.  Maintenance Expenditure Limits

       b.  Fleet Forecasting

  10.  Economic Analysis

  11.  Test Equipment

  12.  Decision Risk Analysis

  13.  ILS Expert Systems

     As can be seen, the LSA Techniques Guide covers many areas, but has some notable shortfalls. For example, scanning the guide quickly discloses few instances of the artificial intelligence expert system approach.  No optimal network scheduling and optimal transportation routing techniques appear either.  Still, the Guide does represent an energetic recent effort of the Army to centralize applications of logistics models.  Before 1980, no such Guide existed.  The Army intends the Guide to be a tool for military application.  Yet, the categories of models listed apply to private fleetowners, equally.   

     Besides the Army's effort to survey, consolidate and categorize LSA Techniques according to the MIL STD-1388s,  a number of private and academic surveys address modeling techniques in specialized logistics domains.  Ballou and Masters 14 survey  warehouse location modeling, for example.  Their article lists sixteen separate location models extracted from Andersen's logistics software guide 15 offered by private industry.  The survey gives valuable information on each model's availability, pricing, special features, and technical specifications.  Jung and Wasserman 16 survey a number of reliability growth mathematical models and a follow-on article by Jung 17 relates reliability growth models to spares provisioning.  A previously published article by the author 18 explains a number of strategies for determining maintenance expenditure limits (MELs) and system useful life.  This article employs a Monte Carlo simulation to compare a number of models for retiring uneconomical systems.  The main conclusion in this survey is that density, technology improvements, availability of data, and other contextual circumstances determine which model best fits a given fleet.  The article gives conditions under which one useful life model is preferred over the others.  The preceding articles typify surveys of existing specialized models in specific logistics domains.  

     Many specialized surveys have been done in a plethora of logistics domains.  The point of this article is not to survey surveys, but to simply point out to the reader that highly specific information is often available in logistics literature.  Instead, our central objective is to give an overview of the six general methodologies employed in modeling while not elaborating on the nature of specialized models associated with specific logistics domains. We leave this important digression up to readers who we believe will be conditioned to more intelligently assess applicability of available models to their areas of interest after assimilating this overview. 

Survey of Modeling Strategies
     Next is discussed the main computational strategies employed in modeling.  Lest the reader acquire a provincial outlook, we should point out that other types of modeling exist.  For example, performance, design and war models receive much more emphasis in the military operations research community than logistics modeling.  The other types of modeling especially command military attention, because of their importance to acquisition contracts and direct success on the battlefield.  Models may be categorized as employing a subset of the six computational strategies.

  1.  Deterministic

  2.  Functional/Stochastic/Probabilistic

  3.  Algorithmic

  4.  Optimization/Mathematical Programming

  5.  Artificial Intelligence (AI) Expert System                     6.  Simulation                                                   
Deterministic Strategy
     This strategy consists of simply evaluating equations whose independent and dependent variables are integer, decimal or floating point numbers.  Modern computers are designed to solve the most complex algebraic equations imaginable instantaneously.  Computational speed and accuracy is the strength of the deterministic computational strategy.  Computer programs that solve simple algebraic equations, compute income tax, compound interest, perform spreadsheat operations, or manipulate data are invariably deterministic.  This is the most common computational strategy.  Simple adding, dividing, and multiplying characterize this strategy.   Deterministic programs often exercise a simple formula to compute thousands of similar cases.  When this occurs the computer program operates as an algorithm repeating the same series of computational steps on input data for each case processed.  Deterministic programs are not very interesting from the modeling perspective, but account for most applications of the computer based on an examination of the LSA Techniques Guide 1 and the large scale employment of commercial spreadsheets like the Lotus and QuatroPro softwares. 

     Most of the models found in the LSA Techniques guide are deterministic.  For example, the Army's Logistics Analysis model (LOGAM) 20 contains over three hundred nonstochastic input variables related by numerous deterministic built-in cost equations.  The LOGAM has been applied as both an operating and support (O&S) cost model and a LORA model on numerous Army major system acquisition programs including the Patriot, Bradley Fighting Vehicle System, HAWK, STE-X, Roland, Chaparral, and M1 to name a few.  Another deterministic cost model known as the Cost Analysis Strategy Assessment (CASA) has been employed on several Army systems including the SINCGARS.   

 Functional/Stochastic/ Probabilistic Strategy
     In this strategy input variables are not all simple integer, decimal or floating point numbers.  Input variables may be random variables or real-valued functions.  Readers with background in Statistics understand that the random variable is just a special type of real-valued function.  Therefore, in a general abstract sense we could simply name this section the Functional Strategy.   Computer programs with functional variables that are not random (stochastic) variables are rare in logistics modeling.  But ones with stochastic variables are not.  We give special treatment to the programs with stochastic variables for this reason.  The reader should nevertheless have a clear overall abstract picture of the nature of the Functional Strategy and the added dimension it gives to modeling.  The author's OPTIPRO model2 typifies the potential of employing the non-stochastic functional strategy.  In this inventory control model, the author characterizes the provisioning strategy as a function over time.  For example, the ordering of a part one at a time as one fails is characterized by a constant function in OPTIPRO.  On the other hand, batch ordering of parts at discrete intervals is characterized by a linear function.  The nonstochastic functional approach of OPTIPRO offers an exciting alternative to the traditional way of viewing classical inventory control theory as expounded in the well-known book by Hadley and Whitin 19.   

     The branch of higher mathematics that deals with Functional variables is known as Functional Analysis.  Functional Analysts study real-valued functions with the rigor that Real Variablists study real numbers and Complex Variablists study complex numbers.  Functional Analysis is a much newer branch of Mathematics than the other two, which are considered classical branches of mathematics.  Functional analysts have formulated their major theorems in the twentieth century.      

     To qualify as a stochastic model, a model must have at least one stochastic input variable.  Software permitting stochastic input variables normally have one or more probability distributions built in as functions.  In fact, the International Mathematical Library of Science (IMSL) contains coding for most known probability functions as well as a host of other mathematical functions.  The Library may be purchased and installed to work with almost any computer operating system.    Built-in functions generate values for a stochastic variable in a model by means of a pseudo-random number generator.  The built-in function simulates the probability distribution describing the variable's stochastic behavior.  Some models, such as the Venture Evaluation Review Technique (VERT)1, allow the user to select any one of a number of available distributions to generate values for a stochastic variable.  VERT is a prime example of a logistics model using the functional stochastic strategy, because of its wide selection of probability distribution functions offered to evaluate stochastic variables.  The user of VERT can characterize arc values in a program network as being normal, Poisson, uniform, binomial or trianglar distributed. 

     Computer programs, such as the VERT, that incrementally simulate complex situations by means of stochastic variables are called Monte Carlo simulations.  One can use the Monte Carlo simulation to simulate a manufacturing process, a queueing process, the life cycle of a vehicle, or almost any well-defined process.  The Monte Carlo simulation is a very powerful modeling methodology, because one can simulate reasonable outcomes that otherwise cannot be computed. The VERT permits solving network problems via its Monte Carlo simulation, which would be impossible to resolve, otherwise.  For example, one might obtain a simulated probability estimate of an experimental program succeeding within a given budget range based on simulating its VERT program network.       Another interesting application of the Monte Carlo technique occurs in the simulation of the inventory control method known as the Continuous Review Case21.  In this method of ordering stockage the inventory position is monitored after every inventory transaction.  When stockage reaches a certain level at time T (a random variable) an order is placed for a quantity Q.  In the previously discussed OPTIPRO theory mathematical functions over time characterize inventory control methods.  It is an open research problem as to whether such an OPTIPRO function exists for the Continuous Review Case.  The Monte Carlo simulation described in 21 provides a way to simulate a solution to this currently unsolved OPTIPRO problem.

     The Monte Carlo simulation approach requires that one employ a pseudo-random number generator to simulate variables.  To illustrate, one might simulate a system failure according to an inputted failure frequency distribution PROB(k).  To accomplish this objective the pseudo-random number generator when called supplies the program with a random number between 0 and 1.  The random number next determines whether a failure occurs at the kth (current) increment of the simulation.  If the magnitude of the random number between 0 and 1 is greater than PROB(k) then a simulated failure occurs in agreement with the system's known inputted frequency of no failure PROB(k).  Because the random number generated between 0 and 1 is equally likely to be any number between 0 and 1 (at least in theory), one can see that the described mechanism causes the program to branch to the failure mode according to the inputted frequency distribution PROB(k) for no failure.  The previously published article of the author 18 treats failure, repair cost, and usage as random variables in applying the Monte Carlo technique for comparing alternative useful life models and determining optimal useful life. 

     The Monte Carlo technique is the basis for powerful simulation programming languages, such as SIMNET, GPSS, SIMSCRIPT, GASP II, and more.3  Such languages permit simulating very complex processes, some of which may contain as many as 30000 nodes.  One could program the mainframe version of SIMNET to simulate a  production line for assembling a vehicle or describing the operation of a bank, for example.  The architects of simulation languages build their software to be a general tool for simulating any imaginable process.  

Algorithmic Strategy
     The first algorithm (and too often the last one) learned by most students is the long division algorithm.  The iterative procedure one goes through when long-dividing generates a decimal solution for dividing one integer into another.  The more iterations carried out the more accurate the final results.  What is characteristic of the algorithm, in general, is that it is an iterative procedure, often gives only an approximate solution to a well-defined problem, and gives better and better approximations or terminates with a final exact solution at some point.  Proving algorithms converge is usually the hard part of developing an effective algorithm.  

     Mathematicians realized a long time ago that exact solutions to mathematical problems do not exist most of the time.  To that end they evolved a branch of mathematics known as Numerical Analysis that deals with finding methods for approximating solutions.  Newton's method for approximating zeros of a differentiable function is one well-known differential calculus algorithm for converging on solutions to transcendental equations by evaluating successive derivatives.  Numerical analysts employ infinite series, rational forms and sequences fluently to approximate real-valued functions algorithmically.  The aforementioned IMSL contains hundreds of algorithms for solving engineering problems requiring approximate solutions.

     Countless algorithms exist for finding exact solutions to discrete problems.  Mathematicians have devised algorithms for finding critical paths in a CPM network, all prime factors in an integer, or an orthogonal basis of unit vectors for a finite dimensional linear space to mention a few.  It should come as no surprise that algorithmic solutions readily adapt to computer programming.  The computer program itself is an algorithm of instructions interpreted by the computer's operating system(also an algorithmic computer program) by means of still another algorithmic computer program known as a compiler or interpreter!!!  Most of the well-known algorithms for solving mathematical programs have been programmed.  Analysts have programmed a host of algorithms for solving mathematical programming problems.  The Branch and bound and simplex algorithms exemplify the algorithmic computational strategy for finding optimal solutions to mathematical programs.4       Logistics models employing the algorithmic approach abound.  The Army's initial provisioning sparing to availability model, known as the Selected Essential Item Stockage for Availability Method (SESAME)1 applies the branch and bound algorithm to solve a large scale mathematical program optimization, for example.  The Army's level of repair analysis (LORA) model Optimal Supply and Maintenance Model (OSAMM) employs SESAME algorithms as well as another proprietary algorithm to solve large scaled mixed integer programs (MIP) for determining an optimal maintenance policy.  The most recently released Army LORA model 25, known as the Computerized Optimization Model For Predicting and Analyzing Support Structures (COMPASS), employs the SESAME branch and bound algorithm in conjunction with another proprietary MIP algorithm.  The COMPASS employs state-of-the art algorithms to find the optimal maintenance policy for a system in a multiechelon support structure.   

Mathematical Programming (MP) Optimization Strategy
     What do we mean by a mathematical program?  In simple layman terms the terminology refers to a wide range of problems expressible in the  general form:  

          OBJECTIVE FUNCTION:   Y=G(X)

          SUBJECT TO:  A list of constraints C(k)  k=1,2...n

In the general mathematical program one minimizes or maximizes Y subject to a list of constraints which most often involve restrictions on X.   X may be a vector in the most general case and Y is real-valued.  The constraints C(k) can be either inequalities or equalities.  If the objective function and constraints are all linear forms then the MP is called a linear program (LP).  Everything else is nonlinear.  If the variables in the MP are both integer and real then the MP is called a mixed integer program (MIP).   If the objective function and constraints of a MIP are linear then the MP is called a linear MIP.

     Many techniques are available for solving specific types of MPs.  General solution methods are rare.  The Simplex algorithm was among the first algorithms shown to solve the most general LP.11  Since then, researchers have discovered much more efficient methods than the Simplex.  Transformation techniques have opened new doors for increasing efficiency in recent times.  The Branch and bound and Fulkerson's network flow algorithms all solve the general LP problem more efficiently than the Simplex.  Algorithms to solve the general linear MIP are available, too.   Opportunities to optimize logistics support using MPs abound.  The author has devoted much effort to devising a mathematical program which correctly optimizes maintenance policies employing the MIP.5   On the other hand, the OPTIPRO theory developed by the author proves that provisioning is independent of MP under very mild conditions.2  This latter result is an important discovery in inventory control theory.  The main point is that one should never assume that MP is required.  A deterministic formula is always more efficient when it exists.  

     A number of logistics models employing MP as its principal strategy are available.  Several have been discussed in other contexts.  The Army's OSAMM, SESAME, and COMPASS exemplify models that rely on MP programming to find optimal provisioning and maintenance policies. The Repair/Replacement Simulation (REPSIM) 1,18,22 employs dynamic programming (DP) a technique grouped under MP, but with a distinct character of its own.  The DP technique employs recursive formulas rather than an objective function.  Frequently, the DP requires simulation and Markov processes for converging on an optimal solution.  Automated logistics models employing the DP are highly complex and difficult to computer program, but offer the most potential for cost savings.  For example, the DP module of REPSIM gave the least cost per mile of any of the MEL methods tested.  

Artificial Intelligence (AI) Expert System (ES)
     The ES is differentiated from the standard algorithmic computer system in that inferential reasoning, not calculation, is the most important goal.6,12  Most thinking in technical disciplines is of an inferential nature.  Medical science is a good example of a science that relies almost entirely on inferential thinking.  Diagnoses, prognoses, and treatment are processes that require mostly inferences.  In general, lawyers, engineers, logisticians, and hundreds of other professionals spend much of their time reasoning and deciding courses of action rather than performing number crunching operations.  The ES is a style of computer computational strategy that ties knowledge together so that inferences can be made from existing knowledge, even when the knowledge is incomplete.  Because the ES computational method concerns itself with items of knowledge rather than with numerical data, it is said to be knowledge-based rather than data-based as in the case of the conventional computer program.

     The first serious ES application occurred at the Stanford University in 1965 as an attempt to infer chemical structure from data available to physical chemists.6  By 1969 physical chemists were using the ES known as DENDRAL for inferring molecular structure from existing physical data better than human experts.  Since that original success a number of new ESs have evolved to substantiate the great power of this new computational strategy.  

     Medical science has especially profited by the ES.   In mid 1970 a medical ES known as MYCIN was introduced at the Stanford University for diagnosing disorders caused by microbes.6  MYCIN was the first ES to provide an audit trail of its chain of reasoning.  In a test to see how well MYCIN would perform compared to experts, MYCIN actually outperformed medical specialists in accuracy of diagnosis and treatment.  We conjecture that the comprehensiveness of the MYCIN knowledge base on microbe disorders, the unfailing accuracy of the MYCIN computer program at checking the complete list of possibilities, the currentness of knowledge, and the MYCIN's ability to never jump to premature conclusions probably explained why MYCIN outperformed expert human specialists at both diagnosis and treatment.

     The ES computational strategy is a major breakthrough, but it has limitations.  It cannot replace the human expert.  The ES to be effective must be confined to a well-defined knowledge domain.  For example, the subject of Political Science would be too broad of a domain to address in a single ES.  Specific knowledge domains within Political Science, such as campaign strategy, foreign policy or city management might be amenable to the ES strategy.  By contrast, human beings often become experts in broad knowledge domains, such as Political Science and Mathematics.

     Other limitations to the ES approach exist.  The ES cannot reason from axioms or general concepts.  Theorem-proving techniques have come a long way, but are still rudimentary compare to the mental acrobatics of a live mathematician.  Only human beings seem to possess a high degree of abstract intelligence.  The ES has no intuition and is forced to mechanistically use limited specific facts and heuristics taught by an expert.  The ES is non-creative in its ability to solve problems.  The ES is only as good as the expert or group of experts supplying the knowledge and decision rules.  In short, the ES is simply a complex inference machine enslaved to the human expert creating it.  It can perform marvelously well outdoing human performance by factors in the hundreds in its well-defined domains of expertise.  Most special purpose machines have this same attribute.  The computer itself is able to compute millions of times faster than a human mind.

     At this juncture, logistic engineers are contemplating the impacts of the new ES computational strategy on the many subfields within Logistics.   It is widely believed that the strategy is ripe for usage in a plethora of domains within Logistics.  The Army LSA Guide presently only lists one ES known as the LOGPARS.1  The LOGPARS does not appear to completely fit the mold of a true ES, though it employs inferential reasoning and audit trailing, extensively.  The LOGPARS uses no heuristic reasoning in its currently evolved version.8  It is really a hybrid of many strategies, but is mainly an expert system.  The LOGPARS has become the main ILS expert system for the Army. The success of the LOGPARS has been so overwhelming that the US Marines have commissioned the proponents for the LOGPARS at the Army Materiel Command to develop a corresponding program for them.  The LOGPARS is a continuously evolving program currently containing a number of separate but integrated modules for devising an ILS Plan, statement of work (SOW), program schedule, warranty, transportability plan, provisioning plan, materiel fielding plan, LSA plan, acquisition strategy, and more.13  Future versions of the LOGPARS intend to address a number of other areas of logistics expertise.   

     A book surveying expert system applications 22 sponsored by the Council of Logistics Management lists over one hundred applications of expert systems to logistics.  We  summarize two of the logistics ESs described in this reference to illustrate typical applications of the ES technology in the private sector.   

     The Federal-Mogul Corporation initiated the expert system LOGIX to provide advice on ordering, rescheduling, and packaging decisions as well as tracking orders and forecasting demands.  The LOGIX is continually improving through experiences gained in its implementation.  They believe that LOGIX has provided a better understanding of the inventory trade-offs and higher visibility of their inventory control process at its multiple locations.  They believe that they have benefitted by higher productivity of their inventory staff and more efficient management of their rapidly expanding product base.        

     The Sea-Land Service, Inc. a subsidiary of CSX Corporation developed an expert system known as Sea-Path for routing and scheduling its ships.  Their intent was to improve service by making higher quality and more consistent decisions on routing and scheduling while offering automated tracking of each shipment.  The Sea-Path has reduced misrouting considerably and permitted quick and consistent response to customers needs.  Sea-Path has only been partially implemented, but has already accrued tremendous benefits according to Sea-Land.  They plan to build on the success of the Sea-Path to other areas of their business.  

Mechanics of The Standard ES
     The ES is the newest computational strategy of the ones addressed.  For this reason we expend more effort explaining its underlying strategy.            

     The structure of the ES is not very complicated.  Most 

ESs rely on what is called 'backward chaining'.  To understand what this means one has to understand that the main ingredients in the ES are its premises, rules, and outcomes.  If P symbolizes a premise and Q symbolizes an outcome that occurs when P is true then this rule may be depicted as follows.

            P──────(Q

The outcome Q itself can be a premise for another rule yielding outcome R.  Chaining premises and outcomes in this fashion leads to a directed network describing inferential relationships between premises and outcomes.

            P─────(Q──────(R

                   │       │

                   (       (
                   U──────(V───(W

     A knowledge base for an ES is a network of many such chains.  The network need not be connected as in the preceding example, but may consist of a number of disconnected subnetworks.  Backward chaining is a way of using the knowledge base inferential network to solve a typical user problem.  For example, suppose a user wishes to effect the outcome V from the preceding knowledge base diagram.  Going backwards from V we see that the chain including P, Q and R or P, Q, U, and V ends at V.  If one wished to effect the outcome V, one sees that by going backwards these two possible chains would lead to V.   The solution to the user's problem from among the two possible paths is the one most suitable to the user's needs.  Either work.  The ES undoubtedly will help the user make the decision intelligently by asking appropriate questions, suggesting which of the possible chains best suits the user's needs.  

    It should be clear why we call the method just described backward chaining.  In essence, one starts with the desired outcome, i.e. the objective and goes backwards to find the best path of action for attaining the desired goal.  The path chosen is determined by the user's circumstances and the expertise embodied in the ES knowledge base.  The ES inference machine infers ways the outcome can be attained, ramifications/ tradeoffs, and makes recommendations for best courses of action.  In this sense, the ES becomes an expert.

     Backward chaining is especially appropriate when the number of outcomes is small and well-defined.  Another approach to using the ES knowledge base, forward chaining, applies when the objectives are numerous, unspecified, and may require construction.  Forward chaining permits experimenting with many potential paths leading to a number of related but unspecified goals.  For example, one may wish to explore possible types of business opportunities.  The general objective is to go into a profitable business.  One could open a shoe store, dance school, fast serve restaurant, or any one of thousands of possible businesses.  One needs expertise to make this decision wisely to avoid ruin and bankruptcy.  In this situation the ES inferential machine benefits the user by offering  knowledge of the ramifications of the types of businesses determined feasible for the user based on his or her special circumstances, such as working capital, skills, aptitudes, and so forth.  It is unlikely the average person would have the quantity and quality of foresight chained in a meticulously constructed entrepeneurial ES.  The ES forward chaining technique offers great power!  It can save reinventing wheels or making the same old mistakes over and over again.  

Heuristics
     Allowing imprecise knowledge is a distinguishing feature of the standard ES.  The ES assigns a numerical rating to the degree of validity of an inferential rule.  For example, one may have an imprecise rule about weather that says, when the sunset is red then 95% of the time the sea will be calm for sailing tomorrow.  Imprecise rules relating premises to outcomes are called heuristics.  In Webster's New Riverside Dictionary they are defined as a speculative formulation to serve as a guide in the study or solution of a problem.  Heuristics sounds a lot like common sense.       The study of heuristics leads to a relatively new area in mathematics known as 'Fuzzy Subset Theory'.  For those who wish to pursue the technicalities of this new mathematical theory we recommend beginning the study with seminal articles by Zadeh9 and the book Theory of Fuzzy Subsets by A. Kaufmann.7  A number of articles and books exist on the subject of Fuzzy Subsets and Fuzzy Logic.  

     In set theory one assumes that an element is either in a subset or not in a subset.  In Fuzzy Subset theory, elements can have varying degrees of participation in a set.  A fuzzy subset is defined to be a function f from the universe into the closed interval [0,1].  If f assumes a value 0 for some element x in the universe, then x is said to not be in f.  If f assumes a nonzero value for x then the value f(x)>0 is a measure of the degree of participation that x has in f.  Fuzzy unions and intersections of subsets are easily defined from the basic definition of the fuzzy set f along with the notion of fuzzy containment.  All of the properties of the Boolean algebra on subsets of a set have a fuzzy counterpart except that for any fuzzy subset A, it is not true that A fuzzy union with its complement is the universe.  

     Fuzzy logic is the analogue to fuzzy subset theory.  The imprecise rule about sailing the day after a red sunset cited previously is an example of a fuzzy implication.  Fuzzy truth tables, equivalences, disjunctions, conjunctions, and all of the other corresponding parts of binary logic may be rephrased in terms of fuzzy logic.  

     Fuzzy subset theory is an attempt to bring mathematical order to the concept of something being almost true or true enough to be useful.  Experts often base their expert judgments on such fuzzy logic and partial truths.  The ES incorporates results of fuzzy logic.  Applications of fuzzy subsets and logic also occur in pattern recognition problems.10  Finally, lest one think that fuzzy logic and subset theory is just another way of introducing probabilities, one should be duly informed that fuzzy subset theory is completely independent of the theory of probability.  (The developers of the theory would have been foolish not to establish this result early in the development.)

Other Artificial Intelligence (AI) Strategies
     Artificial intelligence can be any technique that attempts to simulate human capabilities.  For logistics applications the ES seems particularly suited to the information explosion that is inherent in logistics management and engineering.  Other AI techniques besides the ES have potential application to logistics.  In an article 22 the author explains the workings of a powerful Boolean Algebra expert system known as INSTAN (instant analysis).  The algorithmic logic built into INSTAN simulates the human reasoning capability to do Boolean operations, such as, conjunction, disjunction, and negation, in order to solve problems similar to ones solved by the standard backward and forward chaining ESs.  Unlike the standard ES INSTAN permits precise quantification of heuristics.  INSTAN requires that the user decide on a comprehensive list of attributes analogous to the role of premises in the standard ES.  The attributes are tied together in a large scale memory data file consisting of thousands of cases listing the occurrences of the attributes.  For example, one might have a list of attributes (symptons) associated with a system failure.  The historical memory data file would consist of thousands of system failures with their associated symptons.  The intricate algorithm of INSTAN has the capability (super human-like intelligence) to quickly scan a megasized historical memory, suggest sensible alternatives, perform important computations, and summarize useful information.   INSTAN is  experimental, but has proven to be a powerful AI tool with potential application to a wide number of logistics domains.  

     Neural networks23 offer another AI method that has been around for a number of years but only recently has commanded attention largely due to the discovery that it can be employed to solve MP problems.  The neural network attempts to simulate the parallel processing capability of human intelligence.  One article on neural networks 24 describes an application to supplier selection and evaluation.  A number of software packages have become commercially available for solving neural networks.  The neural network AI approach shows much promise in its potential for application to complex decision-making situations where information bearing on the decision is overwhelming and confusing.  The author knows of two analysts who have attempted to apply the neural network approach to the overwhelming and confusing information given in a racetrack program to see if any advantage might be gained in making better bets.  Their experiment has been inconclusive so far.      

Simulation Strategy
     As one can see from previous discussions of the first five basic modeling strategies, simulation often plays a symbiotic role. It seems to be all-pervasive in the field of modeling.  For example, stochastic variables are simulated employing a pseudo-random number generator.  i.e. We cannot separate the Monte Carlo simulation from stochastic modeling.  Similarly, mathematical programming often requires simulation to find optimal policies.  The REPSIM 18 requires a Monte Carlo simulation in order to give a true optimization for most of its built-in MEL models, because of the circularity of employing existing nonoptimal current data.  Applications of REPSIM demonstrated that a number of iterations of its Monte Carlo simulation were required before a true optimal MEL policy could be located.  i.e. It is necessary to converge on optimality by simulation to avoid the circular error of employing existing data gathered under a nonoptimal policy of repair/replacement.  Said another way, existing current nonoptimal data employed to compute parameters for MEL optimization models requires using existing data for approximating its parameters and this leads to a glaring circularity.  Therefore, one must attempt to converge on optimal data via Monte Carlo Simulation.

     Simulation, itself, requires employing the algorithmic strategy in its innerworkings, because it is a computer program and all computer programs are algorithms.  In a general sense, all of the strategies are attempts to simulate reality in one way or another.  The algorithm simulates the workings of a process.  Deterministic equations simulate the numeric relationships of real variables.  The mathematical program simulates a complex situation relating constraints to an objective function to be optimized.  Each of the AI expert system methods, neural networks, chaining, and the Boolean algebra ES simulate human intelligence to one degree or another.  Were we to choose one of the strategies to characterize modeling, it would have to be simulation, because of its all pervasiveness.  Generally, we conclude that none of the basic strategies stand alone, but most models can be characterized as having one of the basic strategies as its principal driver.

Conclusions
     Modeling techniques exist to address almost every area of logistics planning.  They offer many exciting possibilities for new research and application employing the general strategies discussed in this article.  Logistics modeling permits one to do front-end planning cheaply in the computer rather than expensively in the world of trial and error.  More and more, the future of logistics engineering will be closely identified with logistics models and their applications, just as hardware engineering has become closely identified with computerized design techniques.    
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