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ABSTRACT

A RESERVATIONS-BASED RAILWAY NETWORK OPERATIONS MANAGE-
MENT SYSTEM

Edwin R. Kraft (Author)
Patrick T. Harker (Supervisor)

A shipment scheduling and operational control method is devel oped and tested, to help
railroads become more competitive for high revenue, service sensitive freight. A bid-price based,
profit maximizing revenue management approach is proposed to allow arail carrier to develop
achievable and market sensitive quotations of delivery time for new shipments calling in. Bid prices
are derived using a subgradient step size algorithm; a modified shortest path procedureis used to
solve the decomposed subproblems.

Once the service quotation has been developed, a deterministic, cost minimizing,
multicommodity network flow model, including train capacity and integral flow constraintsis solved
to manage shipments moving on the railroad in real time. This model dynamically reroutes ship-
ments to take advantage of all available train capacity in the network, while still meeting the com-
mitted delivery times on priority shipments. A customized dual ascent procedure, using a tabu search
approach as an anti-cycling mechanism, adapts the previous solution any time new information is
received.

Both procedures have been integrated into arolling horizon simulation model. Simulation
resultsindicate up to a 10 point improvement in railway operating ratio may be achievable through

implementation of this shipment management strategy.

Keywords: Railroad, Railway, Revenue Management, Yield Management, Car Scheduling, Ship-
ment Scheduling, Bid Price, Optimization, Simulation, Service Monitoring, Subgradient Algorithm,
Tabu Search, Service Management
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CHAPTER 1

| ntroduction

1.1  TheNeed to Improve Rail Service Reliability
A major challenge in railroading today isto improve transit time reliability to the

point where railcar shipments can compete with trucks on a service basis. While it may
never be economically possible for railroads to match trucking speed (Keaton [1991)), it
should at least be possible to improve service reliability. This must be done in a manner
which does not sacrifice the efficiency and cost advantage of rail movement. With such
improvements, railroads will be able to offer ahighly reliable service with reasonable
transit times, at a much lower cost than truck movement.

Customers moving towards Just-In-Time (JIT) inventory systems require ever
increasing quality and reliability in transportation service. Trucks continue to gain market
share at the expense of rail (OECD [1992], pg. 55). The question is whether railroads can

reverse this trend of market share lossin general manifest freight. To accomplish this



reversal, they will have to do a better job of meeting customer’s needs. From OECD
[1992] (pg. 100):

Although it may seem to be otherwise, trendsin logistics are not primarily
technology- driven. Customers do not ask for high speed in transport, nor for
continuous information on the goods, nor for containers and quick load systems.
They ask for reliable delivery of goods at the right time and place, without damage
and at afair price. Customers need to have the feeling that their goods transported are
in capable hands.

Early work in the logistics field included such developments as the Economic
Order Quantity (EOQ) model which raised customer awareness of such considerations as
stock-out cost, inventory holding cost, and order size. Roberts [1975] compiled an inven-
tory of logistics costsincluding Origin Inventory, In Transit Inventory, Destination Inven-
tory, Safety Stock, Stockout Costs, L oss and Damage, Perishability and Order Cost. The
market has since moved beyond these simple notions of cost minimization. Following

OECD [1992] (pg. 14):

Recently, the demand of consumers has diversified and the concept of mass production has
necessitated a shift from a“Production to Stock” concept to a*“Production to Order” concept.
Various combinations of goods options or varieties of goods are provided by the manufacturer, and
the consumer can select the one which he or she thinks best. In other words, consumers can enjoy
“custom-made mass- produced” goods. Asaresult, the inventory of each variety and itslot size of
production have become small compared to that of the simply mass-produced variety.

The trend towards smaller lot sizes and more frequent shipments is not simply
cost-minimizing behavior. It represents afundamental strategic shift as manufacturers
strive to differentiate their product offerings to tailor them to precisely meet the needs of
particular consumer market segments. These changes are part of awell documented

global pattern and include (OECD [1992] pg. 28 and 55):

- Concentrating on core business (and contracting out support functions such as logistics
services)

- Geographica widening of product sourcing (while often simultaneously reducing the
number of suppliers) resulting in an increasing average length of haul.



- Concentrating production and inventory (larger installations at fewer locations)

- The switch to road transport. In many countries road has gained market share at the
expense of rail and waterway.

The switch to road transport is commonly associated with the adoption of modern
logistics practice. The availability of improved highway infrastructure has accelerated this
trend. However, if railroads can learn to deliver reliable service, then the longer hauls and
concentration of production and inventory documented by OECD ought to favor more, not

less rail movement in the future.

1.2 A ServiceDifferentiation Strategy

Railroads can increase their market share by tailoring service to individual
customer needs. Kwon [1994] established that different customers have different service
requirements; therefore, there is no single definition of what is“reliable service”. Each
customer evaluates rail service in the context of their own shipping needs. Reliability is
just one of anumber of service attributes including cost, transit time, and safety (Mercer
[1991]). Since most customers ship cars or trailers and not whole trains, thisisthe level
at which traffic priorities need to be effective.

In the past, the concept of car-level priorities has come to be viewed by railroads as
ahigh cost operational nuisance. Priority movesin yards have been handled on an un-
planned exception basis, outside the normal flow of work, using very expensive methods
such as “cherry picking” which require special switch engine moves for one or two cars.
This has created resistance within operating departments to any expansion of car-level
service differentiation.

However, an effectively managed priority system can help control costs aswell as

improve customer service. A priority system “levels the peaks’ and “fillsthe valleys’ of



demand, improving train capacity utilization, stabilizing flow throughout the network and
dramatically reducing operating cost. It should yield an operational improvement rather
than become an operational burden. The key isto identify priority cars before they are
classified in yards, so that all cars can be sorted into the correct tracks the first time. Thisis
technically feasible but requires high dataintegrity and a highly disciplined, schedule driven
train operating philosophy.

A two-tier priority traffic system has been implemented by the French National
Railways (Dgjax and Bookbinder [1991]), who report they will add athird tier.

Today, priority service is generally provided on a dedicated train service network
rather than on an individual carload basis, further described below. Dedicated automotive
service networks have proven both the necessity and validity of the service differentiation
concept. However, few industries generate enough traffic to support their own dedicated
train networks. An operating strategy is proposed here so that reliable service, comparable
to that currently provided automotive customers can be offered to general manifest freight

customers but without requiring a dedicated train network.

1.3 TheNeed to Maintain Flexibility

Railroad management does not control customer demands, but must respond to them
as best they can. Railroads production processes are affected by factors outside
management’s control such as the weather. It is absolutely essential to be able to respond to
gross fluctuations in demand and to operating incidents.

Nevertheless, operating flexibility should be implemented in such a manner as to
support rather than frustrate achievement of service reliability goals. In particular, the
current practice of basing customer service commitments on a given schedule, but then not

operating the service after the commitment has been made, should be abolished. It has been



demonstrated many times (see, for example Kraft [1995]) that keeping to aregular sched-
uleis necessary for reliable service. What is required to provide reliable manifest service

iIsno mystery: the railroad industry already doesit every day for intermodal and automo-

tive

traffic. These highly reliable service networks have the following general characteristics:

. Scheduled network, precision adherance to schedule. Trains are often scheduled to
accomodate some primary customer’s needs, but other customers’ traffic is usually

handled on the same trains.

. No train cancellations, but extra sections can be operated as needed.

. A traffic priority system (asimplemented by Santa Fe Railway, described in the
next section) improves train capacity utilization and reduces the need to run

unplanned extras.

The cost advantages of operating aregularly scheduled network include tangible
benefits of locomotive, crew, and physical plant utilization; but also intangibles such as
employee quality of life, morale and the reliability inherent in executing the same routine
every day. If these benefits can be obtained without having to sacrifice train capacity
utilization or terminal operating efficiency, this would achieve the “best of both worlds,”
and that is the objective of this research.

The most important difference between the current and proposed management
processes would be the utilization of demand forecast information. Thiswould facilitate a
shift from areactive to a proactive management style. Rather than waiting for actua
demand to materialize before making a decision whether or not to operate (annul or
consolidate) atrain, the emphasis shifts to the question of when and where extratrains

should be operated. Decisions to provide additional capacity beyond the base plan would



likely be made 24-72 hours in advance. Individual cars would be dynamically routed
by an automated system, utilizing available train capacity on a priority basis.

This eliminates the trade-off between the cost of providing service and the
level of reliability offered. It provides consistent and predictable service to those
customers who require it, but still operating full trains, making efficient use of termi-
nal capacity and controlling costs. In this context, “Quality is Free,” but it requires a
sophisticated information system as well as management commitment to operate
scheduled train service.

Flexibility isretained by downsizing the base service plan, providing a“safety stock”
of strategically positioned reserve resources, then selectively adding capacity when
justified by the demand forecast.

1.4  Car Scheduling as a Service Management Tool

A car scheduling system computes a unique “trip plan” for each car using the
railway operating plan. Based on car classification rules and train schedules, atrip
plan shows the planned sequence of trains and yards, including scheduled arrival and
departure times for each car. Trip plans are maintained in real time on a database
which isavailable for operationa planning purposes. Car scheduling can predict the
number of cars moving on each train over the next 24 hours, and the number of cars
passing through each yard.

Current systems build atrip plan in two steps. First the car isassigned a*“yard
block” or classification code. This determinesto what yard the car will be sent next,
usually based on the car’s ultimate destination along with other criteria such asthe
commodity, car type and size. Most railroads use alookup (“tag”) table to apply
these codes. However, Norfolk Southern (see Baugher [1993]) is using a shortest path

algorithmic approach on alink-node blocking network to assign classification codes.



Once the block assignment has been made, all trains which can carry that block are
identified. The car is assigned to the earliest possible outbound train without regard to train
capacity. Most current systems will assign more cars than the train can carry.

However, Santa Fe Railway (Gorman [1994]) has cleverly approached this problem
from another direction. Their system schedules intermodal shipments (but not railcars)
using a“last train” or critical path approach. Shipments are initially scheduled to the latest
possible train that still meets the delivery commitment, so operating management’s prob-
lem is to figure out which shipments to advance ahead of schedule, rather than which
shipmentsto “bump” to later trains. The choice of which trailers to advance is manually
made by the intermodal terminal manager based on shipment “due date” and operating
convenience. Critical path scheduling spreads current demand across several trains, so it
may understate the amount by which today’s train has actually overflowed.

Since the first car scheduling system was implemented in the mid-1970’s on the
Missouri Pacific Railroad [1977], these systems have spread across the entire North Ameri-
can railroad industry (Bailey [1995]). But Martland [1993] still found, in spite of these
improvements, “. . . the overal level of performance for the boxcar does not appear to be
dramatically different in 1990 from what it was in earlier years.”

Bailey [1995] surveryed the implementation status of Car Scheduling systems at
Class| railroads. Current car scheduling systems were judged to perform well at post audit
or measurement functions — their initial design objectives — but were cited as lacking in
their ability to assist in real time decision making. Figure 1.1, from Bailey’s report, depicts
apassive implementation of car scheduling, which measures service failure after the fact,
but is not capable of intervening in actual operations to prevent failures from happening in

the first place.



Fig. 1.1: Current Car Scheduling System Status
(from Bailey [1995])

Works Well Does Not Work Well

Trip Plans Real Time Workload Forecasting
Service Performance Measurement Real Time Tactical Decision Support
Process Performance Measurement | Real Time Locomotive Requirements

Real Time Crew Requirements

Bailey [1995] found that concerns with current car scheduling systems were
prevalent, but did not seem to present a consensus view of what was most important to
“fix.” While some concernsidentified by Bailey [1995] might be interpreted as a desire to
tranform car scheduling into a more pro-active role, Bailey [1995] found that “. . . with the
exception of total re-writes of the system, current new development still is primarily
focused on measurement tools and customer information. Functionality that wasinitially
designed and enhanced is still important, but real time and longer term forecasting of
workload and resource requirements have become, and will continue to be important for
future development.”

Yet Bailey [1995] also found that “. . . repondents did not show confidence that
railroads would successfully partner and work together for better solutions.” Harker
[1995] compares the implications of master versus real time train scheduling strategies,

reporting that railroads are contemplating both of these plus all combinations. How can



industrywide consensus exist on what car scheduling enhancements should be pro-
gressed, if there is no agreement on what train operating strategy the system should
support?

Car scheduling systems are routinely used today to develop schedule quotations,
which form the basis of service commitmentsto customers. By adding train capacity
constraints, and developing schedule quotations on areal-time basis, in essence a
reservation would be taken. Real-time schedul e quotation would close the gap between
expectations and reality by verifying both the avail ability of equipment and line haul
capacity to meet service commitments. Real-time quotation can suggest what promises
can be made without setting up a service failure.

Since this capability would build on current business processes, it should be
relatively straightforward to implement. The primary barrier is atechnical one, since
this process would greatly depend on the performance and reliability of the computer-
ized shipment routing algorithms; which will be the focus of this dissertation. As shown
in Figure 1.2, a schedule quotation step could be added into the empty equipment
ordering process. Once a quotation has been devel oped, the customer has the option to

accept or reject the service offer.

15 A Comparison with AirlineYield Management

Within this service quotation framework, arail carrier might not necessarily
want to allocate capacity on afirst come, first served basis. Instead, it might make
sense to hold some capacity in reserve if there is a reasonable expectation that high
revenue, service sensitive business will call in later.

Prototypes for possible rail yield management systems already exist in other
transportation modes. Campbell and Morlok [1994] have concluded that airline yield

management concepts are applicableto rail but “. . . railroad yield management systems



Figure 1.2 : Proposed Real Time
Service Commitment Process

CUSTOMER

1) Customer calls railroad
to order equipment and
book a load to a specific
destination

3) Customer estimates
loaded release time (or RR
assumes standard loading
time per customer profile)

5) Customer decides
if RR service offer is
acceptable.
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2) RR assigns a car to the
order and advises customer
when empty will be spotted
(per empty car trip plan)

4) RR proposes loaded car
delivery time at destination
(per loaded car trip plan)

6) RR accumulates offer and
response into customer profile
system.

7) Service offer becomes target
delivery time which drives
dynamic car routing process.

should not be simple adaptations of airline systems. Instead railroad yield management

should exploit variable capacity and differentiated service to improve cost and service

performance.” Therail freight yield management problem possesses several unique

10




characteristics, as compared with airlines:

. Airlines have a*“mass market” orientation, whereas railroads provide freight
service to arelatively small number of industrial customers. The railroad should know its
customers individually; marketing may negotiate transportation contracts, specifying
unigue price and service characteristics required by each customer. These contracts
establish aframework for along term business relationship, whereas most airline yield
management models view the customer relationship only in terms of the current transac-
tion.

. While air travelers may be able to choose from several airlines, and general freight
shippers might choose from along list of trucking companies, most likely arail customer
isdirectly served by only one or two railroads. For certain commodities, it might not be
economical to produce a product in a certain place or ship to certain markets except by
rail. Still, when a contract is signed, the customer expects that transportation will be
provided at the price agreed to, and that service levelswill generally fall within a contrac-
tually agreed upon range of transit time and reliability.

This makes outright rejection of loads more difficult for railroads than if the
customer had alarge number of competitiverail options. Theirony isthat high value
loads having many competitive alternatives (where trucking is an option) are ones the
carrier isleast likely to want to reject. Still, there could be room for arailroad to negotiate
delivery timesfor individual shipments, within the overall parameters of the governing
transportation contract.

Since prices are contracted in advance, when the customer calls the reservations
center, the discussion should focus on the question of when service can be provided, not
at what price. Therailroad does not reject any offered loads. However, the customer can

always choose to reject service offers and ship by another mode.
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Shippers of low-rated commodities will find they can get the best service offersif
they are willing to make reservations early, or commit to purchase capacity on a“take or
pay” basis. By comparison, the leisure airline traveler generally getstheir best deal by
booking early, and a nonrefundable fare is the equivalent of the “take or pay” shipping
contract.

. In the intermodal distribution chain, the presence of third parties prevents railroads
from working directly with the ultimate customer. Suppose a shipper agent knows a
particular load is not immediately needed by the consignee. The agent also knows this
information is valuable to the railroad, that the railroad can derive an operational benefit
from knowing it. Therailroad must establish a differentiated pricing structure to induce
the shipper agent to share the data. The shipper agent can force therail carrier to share the
benefits of yield management by controlling information.

In contrast, rail carload freight has along history of strong price and service
differentiation based on commodity. It is probably unnecessary for railroads to establish a
differentiated pricing structure beyond what already exists: for the most part, railroads
already possess the information they need to differentiate service without having to offer
additional price incentives. A railcar-oriented implementation of yield management is
likely to take on adistinctly different form, as compared to intermodal or airline applica
tions of the same concepts.

. The requirement to account for empty repositioning makes freight yield manage-
ment more complicated, in some respects, than its airline counterpart. On an airline
between the same city pairs, full fare business travelers will always be preferred over
leisure travelers paying a discounted fare. The airline would like to fill the airplane exclu-

sively with businesstravelers, if it could. This leads to the airline concept of “nested” fare
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classes (Smith, Leimkuhler, and Darrow [1992]), where afull fare ticket can always be
sold to a business-class traveler even if the predetermined business class allocation hap-
pens to be sold out.

This strict hierarchical relationship may not always hold true in the case of freight,
because of the cost of empty equipment repositioning. The first few vehiclesinto azone
have a high probability of finding backhauls, representing highly valuable business.
Additional loads become less profitable, such that some other business may take priority
at acertain point. Most generally, train capacity allocation and empty equipment distribu-
tion should be determined as a simultaneous solution to a single mathematical program.

Unfortunately, much rail freight movesin special or dedicated equipment, or rail
traffic lanes are so imbalanced that the marginal empty return rate is 100%. This simpli-
fiesrailroad yield management by decoupling train capacity allocation from empty equip-
ment distribution. Every load will have the same profitability independent of the number
of loads sent, asis assumed here. Simultaneous optimization of train capacity allocation
and empty equipment allocation will be left for future research.

. Rail carriers have the ability to displace alower priority shipment , even at an
intermediate terminal, in favor of anewly arrived load, provided sufficient slack time
existsin the delivery schedule to allow this. Airlines do not normally “bump” passengers
based on the fare class of the ticket they hold.

At least three distinct approaches to implementation of yield management are
reported in the literature. These include: Capacity Allocation by Fare Class, Bid Price,
and Direct Price Adjustment.

The yield management literature has been strongly influenced by the capabilities
and limitations of airline reservations systems. Asreported by Williamson [1992], most

airline reservations systems were designed 20-30 years ago when the market environment
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was much simpler. These reservations systems allow for physical control of seat inventories
at the fare class and flight leg level, rather than by origin-destination. A major emphasisin
the literature has been on the development of good heuristics which would approximate a
“network optimal” solution but actually manipulate seat allocations at the fare class/flight
leg level.

Williamson's [1992] dissertation evaluates a variety of different approaches using a
rolling horizon simulation model. It includes an broad survey of current airline yield man-
agement approaches, providing an excellent introduction to the field. Belobaba's [1987]
“EMSR heuristic” allocates capacity among different fare classes by setting equal the
expected marginal revenue of each fare class on each flight leg. The reasoning underlying

this strategy iswell explained by Elkins[1991] (pg 7-8):

If we reserve a unit of capacity (an airline seat or a hotel room or 30 seconds of television
advertising time) for the exclusive use of a potential customer who has a 70 percent probability of
wanting it and isin a market segment with a price of $100 per unit, then the expected revenue for
that unit is $70. Faced with this situation 10 times, we would expect that 7 times the customer
would appear and pay us $100 and 3 times he would fail to materialize and we would get nothing.
We would collect atotal of $700 for the 10 units of capacity or an average of $70 per unit.

Suppose another customer appeared and offered us $60 for the unit, in cash, on the spot.
Should we accept his offer? No; because as long as we are able to keep along term perspective,
we know that a 100 percent probability of getting $60 gives us an expected revenue of only $60.
Over 10 occurances we would only get $600 following the “bird in the hand” strategy.

We should never sell aunit of capacity for less than we expect to receive for it from
another customer, but if we can get more for it, the extra revenue goes right to the bottom line.

The second approach, the “bid price” method, works by calculating “ opportunity
cost” for units sold. Utilizing this method, one should never sell a unit of capacity for less
than its opportunity cost, even though the direct revenue impact may be positive. In EIking
example, selling the unit for $60 would produce anet loss of $10 because the opportunity

cost for that unit is$70. Following Williamson [1992] (pg 90-92):
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Theidea behind the bid price approach isto establish a“cutoff” value for each flight leg
which can be used to make decisions whether to accept or reject different ODF (origin-destination-
fare class) requests. The difference in the methodology of the bid price approach, when compared to
other conventional seat inventory approaches, isthat ODF inventories are either open to bookings
or closed; there are no explicit booking limits for different ODF's. For asingle leg itinerary, afare
classis open for bookings if the corresponding fare is greater than the bid price, or shadow price, for
theleg. For amulti-leg itinerary, the total fare must be greater than the sum of the bid prices
from the respective flight legs it traverses.

One advantage of the bid price approach is that it is a very simple method of managing
seat inventories. Hence, it would be very easy to implement in areservations system when
compared to OD and fare class approaches. The disadvantage of the bid price approach, however, is
its open/closed control philosophy. If agiven ODF passes the bid price criteria, that ODF remains
open to bookings until the bid prices arerevised. Thus, in order for the network bid price approach
to be an effective seat inventory control approach, frequent revisions would be necessary, requiring
both reoptimization and reforecasting. For atruly optimal system, revisions would be necessary  on
areal-time basis.

Powell et al [1988b] (pg. 34-35) has implemented opportunity costing, called “ Total
System Contribution (TSC)”, in areal-time truck load planning system. Powell defines:

TSC =1r(i,j) - c(i,j) + VP() - VM(i)
where

r(i,j) = the revenue earned on aload going fromi to j

c(i,j) = direct operating cost of hauling aload fromi to |
VP(j) = the marginal contribution of an additional truck at |
VM(i) = the marginal contribution of one lesstruck at i

Thelast two terms, VP(j) and VM(i) represent the opportunity costs for alternative

uses of the truck. Thus (pg. 35):

Apparently profitable loads may have a negative TSC if there are even more profitable
opportunities being passed up. At the sametime, a seemingly poor load can appear attractive if
the best alternative is to hold the truck in a poor region or move it empty.

The TSC statistic is not only an intuitively reasonable measure of the value of aload to
the system, it also rests on a solid mathematical foundation. The expression is drawn from
optimization theory where it is known as a shadow price or reduced cost. The practical application
of this approach isin its ability to give the planner the value (to the entire system) of each load
over the entire planning horizon. This statistic, in conjunction with longer-term considerations of
customer relations, is used to make clear accept-or-reject recommendations.
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The TSC statistic also applies to empty movements. Typically, deficit regions will
have a high marginal contribution for each truck, so empty movesinto such areas will have
positive TSC's. If an empty move produces a hegative TSC, that move should not be

undertaken. Powell [1988b] (pg. 23) concludes:

How much agiven load contributes to the carrier’s profit should be determined by taking
into account not only the revenue minus the direct cost of that load, but also the expected earnings
of thetrailer upon its arrival at the destination.

Powell [1987] proposes a*“Regional Impact Model” to determine, under uncer-
tainty, the expected contribution associated with each unit of incremental capacity ina
zone. (Thisis known as the expected recourse function.) The general principleisthat
additional vehiclesin azone have diminishing marginal returns. This assumes the most
lucrative opportunities will be taken by the first vehiclesto arrive in azone. Later-arriving
vehicles have alower probability of finding a good outbound load at their destination, and
a higher probability of having to either reposition empty or settle for amarginal load.

Although Powell [1987] never labeled it as such, hismodel clearly implements a
bid-price yield management approach, applied to a freight transportation problem in the
trucking industry. This dissertation will propose a bid-price approach for real-time man-
agement of rail freight traffic.

A third approach, direct price adjustment, is proposed by Gallego and Van Ryzin
[19944], [1994b]. In this approach, rather than choosing from a menu of pre-established
prices, each instance (flight leg or train departure) would be priced individually. In an
optimal solution, the price should jump after every sale because there is one less unit to
sell in the remaining time until departure. Gallego and Van Ryzin [1994a] show that a fixed
price policy (where a price, once established for a specific departure, doesn’t change) is

optimal for the deterministic case, and is asymptotically optimal for the stochastic case as
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either time or volume approaches infinity. Gallego and Van Ryzin [1994b] extend this
result to the multi-leg, multi-fare class case. They suggest that current yield management
practices might tend to approximate this model’s “ effective price” which they define asthe
weighted average price of all tickets sold.

Gallego and Van Ryzin's formulation is extremely dataintensive. It requires that
the entire demand curve be known for every O-D-fare class market as a function of price;
whereas, as a practical matter, it is probably difficult enough to ssmply derive areliable
“point estimate” demand forecast at a single given price. The network pricing formulation
in [1994b] is even more data-intensive, allowing a price vector demand function which
should include all cross-elasticities of demand.

In order to computationally solve this model, Gallego and Van Ryzin [1994b] made
the ssimplifying assumption that demand functions are separable: that is, demand for any
given flight depends only on the price for that flight, and not on any other flights' price.
But an airline traveler’s decision is certainly not independent of price of different flight
options between the same origin-destination pair. For example, consider the case where
one could fly from Baltimore to Pittsburgh at 8 AM for $300 or fly at 11 AM for $150.
Some customers are likely to shift from the 8 AM flight to the 11 AM flight to take advan-
tage of this price differential.

In the railroad context of this research, suppose the 8 AM trainisfilling up and a
customer calls offering low-priority freight. The rail carrier might want to offer that
customer abooking on the 11 AM train instead of the 8 AM, if there is a high probability
the customer will accept the 11 AM service offer.

Capturing the interdependence among different “traveling options” is absolutely
central to thisresearch. Aswell, this research assumesthat all prices have been setin

advance, based on governing transportation contracts and are not subject to renegotiation
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on anindividual load basis. Thisresearch, therefore, fitsinto a more traditional “yield
management” framework, choosing from a selection of preestablished prices and fare

classes, rather than attempting to optimize railroad pricing decisionsin real time.

16  Multi-Pathing asa Meansto | mprove Reliability

Railroads have a complex production process as compared to other transportation
modes, particularly trucking. Single car shipments, in particular, have many opportunities
to miss connections or otherwise fall behind schedule. Suppose a car must pass through
three intermediate yards before reaching its destination, as shown in Figure 1.3. Each
connection has areliability of 80%. The combined reliability isthe product of individual
connection reliabilities, .8 x .8 x .8 or 51.2%. Whenever links are connected in series,

overal reliability islower than that of any individua link.

Figure 1.3: Three Links in Series

: .80 : .80 : .80 O

Overall Reliability: 51.2 %

In contrast, Figure 1.4 showsthree links in parallel, each link again having a
reliability of 80%. Mathematically, the reliability of thissystemisl-(.2x.2x.2)or
99.2 %. Whenever unreliable links are connected in parallel, overall reliability is higher

than that of any individual link.

18



Figure 1.4: Three Links in Parallel
.80

Overall Reliability:

In railroading, the most successful strategy for reliability improvement so far, has
been to reduce the number of links or yard handlings required by any given car. Yet where
traffic volume has not been sufficient to support a“bypass block” or “run through” train,
it has proven very difficult to improve individual link or connection reliabilities to ex-
tremely high levels required to compete with trucking, using a*“single pathing” approach.

One way of improving connection reliabilities is through introduction of atraffic
priority system. This system isonly appropriate for high value, extremely time sensitive
traffic where either schedule slack cannot be introduced, or all the slack has been used up.
It becomes prohibitively expensive to try to improve reliability for all traffic using a
single pathing approach.

Mathematically, the “multiple pathing” philosophy can succeed even if individual
link probabilities are not very good, but requires additional slack time in the origin-
destination schedule. Fixed table-driven shipment routing (or “blocking”) strategies are
too inflexible and cannot utilize all alternative paths which might exist in the network. To
make best use of available slack time and gain the most reliability benefit, dynamic car

routing is needed in order to identify and utilize all available paths.
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1.7 Research Statement

The focus of this research will be on the development of practical solution algo-
rithmsfor very large scale, real world railroad shipment routing problems. The primary
research contribution will be the development of a new algorithmic approach to implement a
railway reservations-based scheduling process. The goal is to establish the technical feasibil-
ity of capacity-constrained car scheduling approaches for real world rail networks; to de-
velop practical, yet mathematically based solution approaches which can produce near
optimal resultsin an acceptable time frame. In addition to measuring duality gaps and
solution times directly, the agorithms will be tested by integrating them into a stochastic
rolling horizon simulation. A published MIT test data set (Kwon [1994]) will be used to
define atwelve yard train service network and traffic flows. Thiswill establish the computa-
tional effectiveness of the proposed solution algorithms, and allow measurement of opera-

tional impacts on train capacity utilization, transit time and service reliability.

1.8 Structure of the Dissertation

Chapter 2 reviews related railroad and transportation literature. A summary at the
end of the chapter focuses on methods for reducing transit time variability.

Chapter 3 defines a mathematical formulation based on a multicommodity network
flow (MCNF) model, and proposes a specific strategy for implementing afreight railroad
reservation-based business process. The formulation is decomposed into two separate
subproblems, one deterministic, the other stochastic (linked through dual prices and joint
capacity constraints).

Chapter 4 proposes Lagrangian Relaxation based solution algorithms for the two

subproblems. Computational performance will be evaluated operating both stand-alone and
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embedded in arolling horizon simulation model. This chapter also includes areview of
related mathematical programming literature.

Chapter 5 presents results from arolling horizon simulation test of the two algo-
rithms, measuring the attainable level of improvement in service reliability, train capacity
utilization and railway profitability resulting from a reservations-based business process.
The car scheduling procedures will be fine tuned to optimize their performance in the
simulated real-time application.

Chapter 6 summarizes and concludes the research results. This chapter evaluates
the research contribution, usability and value to the railroad industry, and possible future

research directions are proposed.
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CHAPTER 2

Rail-Related Literature Review

21 General

Assad [1980a)] classified rail planning decisions into strategic, tactical and opera-
tional categories based on planning horizon, investment requirements and the level of
decision making. Typical decisionsin each category are shown in Figure 2.1. Thisreview
will concentrate on the tactical and operational areas. Topics to be covered include: me-
chanical reliability, operating plan development or network design, empty equipment
distribution, train dispatching, advanced train control systems, and rail yard operations.

Severa studies will be cited to dispel the myth that mechanical reliability isthe
primary cause of railroad service failures. Instead, the literature strongly suggests that rail
technology is mechanically capable of operating at a much higher level of reliability than
currently observed. Factors which cause service failures are largely under management
control. Indeed, to the degree that mechanical problems do contribute to service failures,
many of these might be preventable through better preventive maintenance policies (Little

et. a. [1991] pg. 249.)
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Rail network design has traditionally been avery active area of rail research. Itis
possible that past emphasis on finding an “optimal plan” has been misplaced. An optimal
plan is not necessary to provide reliable service, however, any plan must be at least feasible
to have any hope of successful implementation. To produce reliable service, asimple
feasibility check is needed to identify and resolve resource conflicts within the service
design process, rather than waiting to resolve these conflicts at execution time. Very little
research into plan feasibility at the network level was found, for example, Gohring [1971]
developed alocomotive and caboose cycling application at the Southern Railway to ensure

feasibility of power assignments to a set of train schedules.

Figure 2 .1 : Hierarchical Decisions in Rail Operations
(from Kwon [1994])

Strategic Decisions

" | Resource Acquisition

|
\l

Tactical Decisions

Train routing
«———| Classification policy
Train make-up policy
Traffic routing

¥
\l
Operational Decisions

Train Timetables
Locomotive distribution
Car Scheduling

Empty Car Distribution
Crew Scheduling
Terminal Work Plans
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Empty equipment distribution is crucial to railroad service reliability. If the
shipper cannot get the empty placed ontime or at all, it isunlikely that the load will arrive
at its destination on time. State-of-the-art optimization programs designed for empty
equipment management explicitly incorporate both demand and transit time uncertainty.
These models are closely related to the yield management approaches proposed here.

Line and terminal operations literature is reviewed because these are the places
where the plan is translated into reality. An understanding of the capabilities and limita-
tions of line and terminal operationsis essential to develop an efficient yet reliable plan.
Jovanovic and Harker [1990] first proposed schedul e adherance, rather than delay mini-
mization as the objective function for train dispatching and identified infeasibilitiesin
real-world operating plans, for example two trains scheduled to meet in a place with no
passing siding. The feasibility of terminal operating plans was researched by the M.1.T.
rail group (Duffy [1994], Schlenker [1994] and Dong [1994]).

This“plan feasibility” question should be generalized to complex network-level
Issues such as whether there are sufficient locomotives and crewsto cover all assign-
ments. Assuming that infeasibilities in the network plan will be identified, the service
design department will need a means of resolving these conflicts. New methodologies
being developed for track time pricing, for example the auction mechanism proposed by
Harker and Hong [1993] should be extended to apply to the allocation of other resources

such as locomotives and crews as well.

2.2 Mechanical Component Reliability

Basic research into mechanical components has yielded many advances such as
continuous welded rails, concrete ties, double stack cars, aluminum coal cars, better
braking systems and powerful, fuel efficient locomotives. Thereisno doubt that these

advances have contributed substantially to the economics and productivity of railroad
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operations, and to the industry’s ability to effectively meet customer needs. Yet mechanical
component reliability continues to be cited by some as the primary cause of railroad service
failures.

However, the evidence indicates that freight car, locomotive or track reliability
problems are not the root cause of most origin-destination service failures today. Martland

[1993] (pg. 13) found:

It is noteworthy that even if the railroad had perfect technology, only 30 percent of the
delays would disappear; 65% of the delays require better management of resources (terminal
management, train management, and power distribution).

Sheaffer and Stern [1986] (pg. 113-114) studied locomotive reliability on the Grand
Trunk Western Railway and found:

Of the 1,097 locomotive failures which occurred during the study period, only 356 of
these caused atrain to be delayed. When atrain was delayed due to alocomotive failure, the train was
delayed approximately 65 minutes.

The impact of locomotive reliability on service reliability was shown to be very small.
Thisisaresult of relatively infrequent failures resulting in train delay and delay times which are
generally short. Thisresult is consistent with Belovaric’'s findings. His study on the Boston &
Albany mainline of Penn Central found very little line haul transit time effect resulting from
equipment reliability.

Service reliability isinfluenced to a much greater extent by the availability of
locomotives (as compared to on-line mechanical failures.)
Martland [1993] (pg. 13) estimated which root-causes contributed the most delay in

asample of general merchandise traffic:

. Power availability delays, which include delays to trains due to locomotives not
being in position to move the requisite tonnage (24.4% of al train delays)

. Terminal delays, including yard congestion, cars not switched in time, cars moved
on other than scheduled trains, etc (20.2%)

. Train delays, which reflect management decisions regarding which trainsto run,
and with what resources, including maximum tonnage, annulled due to lack of traffic,
train consolidations, etc. (20%)

. Mechanical delays, including shoppings of defective cars or locomotives (16%)
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. Line delays, reflecting delays enroute such as track work, curfew, train meets, etc.
(13.3%)

. Other, including derailments, unknown causes, no bills, etc (6.1%)

Martland [1993] analyzed the causes of delays to intermodal shipments moving on
TTX Company flat cars. He concluded that mechanical failures are not the root cause of
most service unreliability, thus the solution of the service reliability problem requires
development of better “network management” strategies rather than a continued focus on

railroad hardware development (pg. 17):

80% of the delays to high priority, high quality shipments were left unexplained after
accounting for mechanical delays and holiday disruptions. This suggests that mechanical
reliability is not the root cause of unreliability, even for cars which arerarely in terminals.

All the recent work, then, suggests that freight reliability appears to be more a matter of
management than of railroad technology. The delays to cars and the delays to trains which can be
attributed to failed equipment, track, or technology are modest, while those which are due to the
management of resources constitute a clear majority. This suggests that the focus of research to
improve service reliability must be shifted in a manner which will provide tools to manage the
railroad rather than to technologies and hardware.

Evidence suggests that many in-service component failures are, in fact, preventable
through planned maintenance policies, not inevitable. Following Little et. a. [1991] (pg.
249):

Railroad car owners could achieve considerable performance improvements at lower costs
by replacing on-condition policies with a planned maintenance strategy. Better results can be
obtained by using statistical methods to estimate the characteristic lives of components and then
aggressively replacing those components which are expected to fail during the next maintenance
interval.

In an interview with Railway Age [1993], TTX Company’s Bob Hulick com-
plained that:

AAR specs are for minimum acceptable. But we have the right and in some cases the
duty to exceed those specs, for reliability and service considerations. We willingly pay more for a
premium component. The problem Gus Welty wrote about is that if the component is replaced in
service, it will be replaced with the AAR minimum, and the reason is that the billing that's

allowed is only for the minimum AAR-spec product.
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Ray Burton, president of TTX, reinforced Bob Hulick’s point:

This situation is inhibiting people from making improvements on important
components. The rules and regulations in the industry inhibit progress. Inventors know that the
rulesinhibit the sale of a better product. And thisis something that | think we, as an industry,
really have to address.

2.3  Tactical Operating Plan Development

The literature in this field is dominated by avariety of mixed-integer programming
models by Morlok and Peterson [1970], Bodin [1980], Assad [1980b], Crainic [1984]
[1986], Haghani [1989], Keaton [1989] , and most recently, Gorman [1995]. Powell
[1986¢] addresses a closely related network design problem in LTL trucking.

Morlok and Peterson’s original formulation [1970a] attempts to optimize the
blocking plan, train make-up policy and train schedules simultaneously. This research was
published in the TRF Proceedings under an incorrect title [1970b] and unfortunately most
later researchers seemed to be unaware of this work. The paper is worth rediscovering
since it represents the only known published formulation which explicitly solvesfor train
schedules as well as for average frequency. Only in very recent times has Gorman [1995]
reopened this line of research.

Later models by Assad [1980b], Crainic [1984] and Keaton [1989] do not solve for
schedules but for train frequency only. These models do not provide a complete solution to
the service design problem as Morlok’s formulation would. By relaxing the maximum
train length constraint, Keaton was able to obtain atight lower bound on the optimal
solution. However, thislower bound was obtained at the price of relaxing constraints
which are critical to the real-world decision making process. Crainic [1987] converted his

model into a strategic planning tool, STAN, and applied it on a Brazilian railroad study.
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Haghani [1989] proposed a simultaneous solution to the train routing, makeup and
empty car distribution problems. Again, thismodel solvesfor train frequency only. Since
the most distinguishing feature of this model is the inclusion of empty flows, it would have
been useful to see some analysis of how empties would have been routed with separate
models versus how they were routed in the simultaneous solution. |If this comparison was
ever performed, however, the results were not reported.

Keaton [1992] developed amodel for scheduling train arrival and departure times at
one terminal, apparently to be used as a post-processor for his network model results. He
recognized difficulties of extending the approach to a network of terminals. Hong and
Harker [1990] reopened the train schedule line of research by proposing a two-stage net-
work scheduling model, taking line and terminal capacity constraints into account, but
development work on this model was never compl eted.

A common weakness of all these optimization approaches is their failure to address
servicereliability. The modelsin general minimize cost, and one cost component is average
car time spent in yards. None of the models attempt to compute variability in delaysor in
the origin-to-destination trip time distributions. Keaton [1991] published arather discour-
aging paper concluding that “significant reductions in transit time will require
alarge increase in the number of train connections and operating cost.” But Keaton's
analysis did not look at methods of improving service reliability which might have greater
value to shippers and alower cost to railroads.

The LTL trucking network design problem is mathematically related to the railroad
train scheduling problem. Powell implemented interactive optimization systems for Ryder/
PIE (Powell and Sheffi [1989]) and later for Yellow Freight (Braklow, Graham, Hassler,
Peck, Powell[1992)]) to find opportunities to bypass breakbulks, and to perform interactive

“what if” analysisin real time on various bypass strategies.
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Keaton [1994] examines the structure of the LTL trucking industry and concludes
that two distinct types of service networks have evolved: direct service or at most one
transload for regional trucking carriers, and indirect service via breakbulks for the long
distance LTL carriers. The implications for rail network design should be obvious. Sim-
ply put, if the distance is short, the savings by running longer trains may not fully recover
the cost to consolidate the traffic in terminals, in this case it is more advantageous to
operate short trains on frequent intervals directly between nearby terminals, without any
intermediate yards. For long distance trains, line haul costs dominate terminal handling
costs, therefore it becomes worthwhile to consolidate traffic in intermediate terminals to
handle the long distance traffic in fully utilized trains.

Recent efforts have utilized “artificial intelligence” rather than traditional optimi-
zation approaches. They also derive specific schedules as opposed to frequency only.
Huntley, Brown, Sappington and Markowicz [1993] developed a simulated annealing
approach to grain train scheduling for CSX Transportation. This model suggests consoli-
dation/gathering points to aggregate partial trainload shipmentsinto full unit trains.

Gorman [1995] has developed what might be the first commercially successful
“start from scratch” operating plan developer using a modified genetic algorithm ap-
proach. He reported that this approach yielded a 4-5% improvement in cost, and better
on-time performance compared with the Santa Fe Railway’s current plan. However, the
model-generated plan was so different from the current operating pattern that it was
unclear how to implement it. Gorman’s recent efforts have focused on how to limit the
scope of changes to make the recommendations more implementable.

The heuristic “automated blocking model” (ABM) design proposed by Kornhauser
and Mayewski [1983] and refined by Van Dyke [1986] represents the current state-of -the-

practice in the rail industry. ABM model usage more closely resembles a simulation rather
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than an optimization process. The Norfolk Southern Railway [1992] is incorporating this
design into their real time car scheduling system, saying that the shortest-path algorithms
built into the model “are very fast . . . but the shortest paths have proven to be quite accu-
rate.”

The Service Planning Model approach by McCarren and Martland [1980] incorpo-
rates “PMake” functions which estimate the probability of making connectionsin freight
yards. The SPM is one of the few railway network models to address trip time reliability
directly. SPM input is atable of average daily origin-destination car volumes; uncertainty
in demand is handled implicitly in the “PMake” function.

Simul ation-based approaches seem to be reemerging for both tactical planning and
operational control in the railroad industry. Simulation approaches were unsuccessfully
tried in the early 1970’s. the AAR and L& N Railroad each developed highly detailed
network simulation models. In those early years, simulation proved impractical due to the
models high computational intensity, data requirements, and poor user interface.

Today’s computers can execute the models quickly; carriers have extensive data-
bases from which input data can be gathered; and user interface technology has greatly
improved. Theoretical developments by Ho [1992] and others have even endowed simula-
tion modeling with optimization capabilities.

A stochastic network simulation model can handle any input distribution of demand
and trandate that into an output distribution of transit time — something that neither the
PMake nor the queueing approaches can do. Simulation approaches have been used in
ConRail’s planning models devel oped by American Airlines Decision Technology; the
MIT Rail Group developed a detailed stochastic network simulation model (see Kwon

[1994]) to support future research needs.

30



Strasser [1993] used a simulation model to evaluate whether it was better to have a
policy of holding for late arriving inbounds or to aways depart the outbounds on time. She
coupled a simulation-based “ Railroad Performance” model with a*“ Shipper Modal Selec-
tion” model to determine the effect of different policies on railroad costs and market share.
She found that “the current combination of 24-hour train frequency, 3-hour yard time and
no-hold dispatching promotes the most negative effect on shipper modal selection in terms
of reliability and transit time. A change in scheduling can have only a positive effect on
shipper modal selection.” Strasser advocates allowing more connection time and imple-
menting a“hold for late arrival” policy as a means of improving service.

Kwon [1992] reached a similar conclusion, saying, “Always running trains on
schedule is not the best policy; delaying some trains allows more connections to be made
and thereby improves network reliability. However, if line-haul performance isimproved,
then schedul e-oriented train dispatching policies perform better; it may even be possible to
reduce the slack in scheduled yard time and have more schedule-oriented train departures
without hurting network reliability if trainsrun on time. Finaly, if railroads over-empha-
size capacity utilization in train dispatching (by using extreme long-hold policies and

allowing frequent train cancellations), they will exacerbate network reliability.”

24  Empty Equipment Distribution

Much of the operating plan design literature ignores demand variability (by using
“average day” volumes) and with the exception of the SPM, ignores transit time variability
aswell. In contrast, variability is explictly handled in most literature dealing with empty
equipment distribution and management.

Philip and Sussman [1977] applied a standard inventory stockout model, based on

the tradeoff between holding and stockout costs, to estimate the optimal inventory of empty
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carsto be held at one terminal. Clearly, however, there are only a certain number of freight
carsto go around, so really the question is how this fixed supply ought to be optimally
distributed among all the terminals on the network. Mendiratta and Turnquist [1981]
address this problem by suggesting a two-level dual pricing approach, coupling a network
flow model with aterminal inventory model.

Jordan and Turnquist [1983] extend Mendiratta’s work to capture both the network
flows and inventory considerations in a single formulation based on the work of Cooper
and LeBlanc [1977]. Powell [1986a] explored the application of this framework to the
dynamic vehicle alocation problem in the trucking industry. Powell [1988] later com-
mented “What is most disturbing about this line of research isthat it fundamentally repre-
sents avery simple set of assumptions and yet produces an alarmingly complex model.
There does not appear to be much room left for further relaxing the assumptions and till
having a workable mathematical model.” He began working on an alternative
formulation of the problem as a classical Markov decision process. This literature through
the mid-1980's isreviewed by Dejax and Crainic [1987]. Powell [1991] gives a survey of
TSP and cycling based vehicle routing applications in the trucking industry.

Powell’s newer formulations are based on discrete demand distributions, usually
Poisson, rather than the continuous “normal” distribution. This research eventually led to
asystem installed at North American Van Lines (Powell, Sheffi, Nickerson, Butterbaugh,
and Atherton [1988b]). Frantzeskakis and Powell [1990] proposed the “SLAP” agorithm,
which works by decomposing the problem by region and making a linear approximation to
the expected recourse function. However, for large multi-stage problems, the successive
linear approximations can accumulate errors, therefore, a more precise method, SCAM,
has been developed by Powell and Cheung [1992]. This recent research is summarized by
Powell, Jaillet, and Odoni [1993]. Powell [1995] is now applying computer simulation
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using stochastic gradient techniques to both the Dynamic Vehicle Allocation and Network
Design problems.

Meanwhile, a number of rail carriers have implemented equipment distribution
systems based on deterministic linear network models, see Turnquist and Markowicz
[1989] and Markowicz and Turnquist [1990]. The “Multilevel Reload System” at the
Association of American Railroads (Glickman and Sherali [1985]) manages a nationally-
pooled fleet of automobile-carrying railcars; this model also includes “equity” constraints
to ensure fair distribution of savings to each participating carrier.

Nozick [1992] studied service differentiation strategies for intermodal carriers,
including simultaneous optimization (for deterministic demand) of empty equipment
distribution. This model has been used to address the efficiency and organization of
intermodal drayage, and the effects of atraffic priority system on fleet sizing and
intermodal car and trailer fleet management.

Campbell [1996] researched the application of “yield management” techniques to
intermodal applications, including the allocation of trailer, railcar and train slot capacity.
His research extends yield management techniques originally developed for fixed capacity
networks, adapting Belobaba's [1987] “EM SR heuristic” to apply to flexible capacity
networks as well.

Holmberg, Joborn and Lundgren [1996] propose a deterministic empty equipment
distribution model based on a time-space network of train schedules. All trains go directly
between terminals; if atrain connects more than two terminals, it is treated as severa
trains between consecutive terminal pairs. Thus, the model does not incorporate a block-
ing network, but it does enforce segment-specific train capacity constraints. It is assumed
that loads will have first priority on available train capacity, therefore the empty problem is

solved sequentialy, utilizing remaining train capacity after all loads have been routed.
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Inclusion of train capacities require that the problem be solved simultaneously for all empty
equi pment types; distribution decisions can no longer be decoupled by car type.

The problem is formulated as an integer multicommodity network flow problem
which is solved using three different algorithms: the subgradient method, a branch and
bound approach using network CPLEX, and alinear relaxation using PPRN. Duality gaps
less than 1% were customarily attained using the subgradient method; but the branch-and-
bound CPLEX code solved the test problems exactly within an acceptable time frame. The
problems were sized based on the Swedish Rail network; it is not clear how well these
computational results would scale to a U.S.-sized problem, but increasing the problem size
might tend to favor the subgradient approach (see Ali, Kennington and Shetty [1988]).

Holmberg, Joborn and Lundgren’s [1996] formulation of the empty car distribution
problem is highly compatible with the approach used in this dissertation for the loaded car
routing problem. Both approaches use a similar problem structure and solution algorithm,
which suggests the future research possibility of attempting a simultaneous solution. The
most significant weakness of this approach isits reliance on a deterministic demand fore-

cast, which renders the results highly sensitive to errorsin the demand forecast.

25  Train Dispatching and Control Systems

Three approachesto rail line modeling: analytical, simulation, and optimization, are
documented in the literature. Optimization approaches have been specialized to track time

pricing. We will not attempt a compl ete bibliography here but just a general overview.

. Analytical models
Petersen [1974] proposed the first probability-theory based model of train delay on

single track lines, assuming random arrivals and departures throughout the day. Kraft
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[1988] extended this approach to take multiple train interactions into account and compared
the results with myopic and optimized train dispatching. Chen and Harker [1990] extended
Petersen’s model to apply to the case of a scheduled operation. Hallowell [1993] further
refined this formulation to dynamically determine train priorities based on schedule
adherance rather than afixed priority dispatching scheme. Hallowell’s model has been
proposed as a means of generating target times for areal time optimizing train dispatching
system.

Peat Marwick Mitchell Co. [1975] performed a parametric analysis on the output of
their simulation model, summarizing the results in equation form. This approach is regres-

sion rather than probability theory based.

. Event oriented simulation models

This category includes the Canadian National Route Capacity Model ( Welch and
Gussow [1986]), ALK’sLine Capacity Analysis System ( Van Dyke and Davis [1991]),
Petersen and Taylor’s [1982] model, and Kraft's [1982] “Jam Capacity” analysis.

A general problem with this type of model has been the tendency to “lock up” or
deadlock with no forward train moves possible. Published research on lockup prevention is
quite sparse, although the problem itself iswell known. The only paper dealing explicitly
with this subject is the one by Petersen and Taylor [1983]. Those authors propose asimple
sufficient, but not necessary condition, “simple meetability” for identifying potential lock up
situations. However, Welch and Gussow [1986], found that Petersen’s test was overly
restrictive in some circumstances, and “ prevents many moves which are both feasible and
desirable. . . Thisresulted in situations which had only one local resolution, did not

represent reasonabl e dispatching and involved unnecessarily long train delays.”
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. Optimization models

Thisincludes the early work at the Southern Railway (Sauder and Westerman
[1983] ) whose objective function was to minimize the weighted sum of train delays. Kraft
[1987] embedded branch-and-bound into a simulation model, suggesting that train delay
should be minimized subject to all scheduled trains meeting their schedules. Jovanovic and
Harker [1990] proposed schedule adherance, rather than delay minimization as the objec-
tive function, requiring that all trains have schedules. Higgins, Kozan and Ferreira[1995]
refined the branch and bound approach by suggesting branching priorities and improving
the lower bound, as well as studying methodologies for passing siding location.

Influenced by the work of Harker, many recent optimization models have used as
their objective function “minimize tardiness relative to schedule” rather than delay minimi-
zation. One criticism that has been leveled against schedule-adherance based train dispatch-
ing isthat any reliability benefit would be dissipated in yards. However, Martland and
Smith [1990] (pp. 286-287) found that:

More reliable train operations and better ETA’s would improve train connection reliability
and allow more efficient allocation of yard crews and other terminal resources. While dramatic
improvementsin overall service should not be expected, reductions of perhaps 6 to 12 hoursin

average trip times and substantial improvementsin reliability appear to be realistic.

Citing studies on the Southern and Boston & Maine, they conclude:

Thereis clear evidence that reductionsin line time would not be dissipated in terminals,
but instead would quite possibly lead to additional savingsin terminal time.

Jovanovic and Harker [1990] noted that “. . . on afully-signalized railroad territory,
there is not a great need to install new technology (such asATCS) other than software in
order to achieve reductions in train tardiness and delay . . . adequate information and

control capabilities are often provided by the existing control system.”

36



Schedule-adherance based dispatching systems require the specification of target
times of arrival for every train at key points. Much recent research has focused on how to
generate and maintain an appropriate set of target timesin rea time, a prerequisite to the
implementation of tardiness-minimizing dispatching algorithms.

Hallowell [1993] starts with the current positions of trains and projects their posi-
tions forward in time, taking into account both free running and expected interference
delay, using an analytical model to project the latter. Kraay and Harker [1994] propose a
large scale nonlinear program to minimize the weighted deviation of target timesrelative to
schedule, subject to feasibility and minimum running time constraints.

Target times produced by these two formulations behave quite differently. Con-
sider, for example, aloosely constrained case where all trains have ample schedule slack.

If al the feasibility constraints are non-binding in Kraay’s formulation, that formulation
should simply return the original strategic schedules for use as tactical targets. In contrast,
Hallowell’s method would start with the current positions of all trains, add free running and
an allowance for reasonable interference delays, and return a more aggressive set of target
times, all tighter than the actual schedule. This aggressive set of targets should make the
operational dispatching algorithm work harder, find solutions which produce less overall

delay, but also require more CPU time to solve.

. Track TimePricing

Track time pricing is the development of opportunity costs for the use of railway
track infrastructure, for use of specific “schedule slots” at a certain place and time. Interest
in track time pricing has been motivated by the creation of separate rail infrastructure
authorities in Sweden and other European countries; and in the United States, by the move
to distinct rail freight “ service networks” and the 1996 renegotiation of the Amtrak basic

agreement.
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Optimization represents a natural approach for this work, by utilizing the dual
variable as a pricing mechanism. A primary motivation behind the development of
pricing mechanismsisto allow for decentralization of decision making, so game-theo-
retic approaches to study the behavior of decentralized organizational structures are also
pertinent. Harker and Hong [1993] embed their analytic line delay model [1990] into a
non-linear program and solve it to minimize the deviation of actual schedules from those
requested. In general approach, at least, Harker and Hong's formulation resembles
Kraay’s, but Harker and Hong model the rail line interactions at a higher level of detail,
they return the dual variable values, and do not attempt a network-wide simulation.

Brannlund, Lindberg, Nilsson and Nou [1994] offer a different approach to cost-
ing track time based on Lagrangian relaxation. This approach treats train schedules as
deterministic: it does not handle the natural variability in daily operations which isim-
plicit in Harker and Hong’s model. Also, it assumes an absolute priority of passenger
trains over freight, which might be sufficient for the Swedish corridor studies, but is
inadequate to handle complexities of multi-priority networks such as coal, intermodal,
automotive and general manifest, as well as passenger, all operating on the same tracks
with schedule-adherance dispatching in place.

While not a panacea for improving service reliability, it is clear that improve-
mentsin train dispatching could produce a marked improvement in transit times and
reliability. In many cases improvements could be readily attained for minimal cost, not
requiring investment in satellite or transponder-based ATCS communications technol ogy.
Accelerated implementation of improved meet/pass planning softwareis clearly an

economic investment for the rail industry to make.
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26 Rail Terminal Research
Research into rail terminal operations has generally followed one of three ap-

proaches:

. Queueing and Simulation models

Probably the “ granddaddy” of all yard simulation modelsis the Canadian National’s
TRIM model (Engelberg and Yager [1982]). This model is extremely labor intensive, essen-
tially a computer-assisted manual simulation. In spite of the effort required to use TRIM,
the analysis has proven very useful so that the model is not only still in use today, but has
also been adopted by other carriers, particularly CSXT [1994].

Queueing model approaches include the paper by Turnquist and Daskin [1982]
based on earlier work by Petersen [1977a][1977b] on bulk processing queues. A primary
conclusion of thiswork was that irregular departures of outbound trains increase both the
mean and the variance of connection delay. The writers cautioned that because these queu-
ing models are based on a number of simplifying assumptions, they should be viewed
primarily as screening tools. Crainic and Gendreau [1985] present asimple formulafor

estimating yard delay if the batch size is not too small:

h 1 :
Yo% (M ka-p)

where:
WQ = Expected Yard Delay
A = arrival rate
1/p = average interservice time interval
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K = batch size

P = utilization coefficent; p = A / K

This formulalinks yard delay with service frequency and average train capacity
utilization. It has been embedded inside Crainic’s [1986] network model for service
network design.

Bulk-queueing models can handle demand variability to predict mean processing
times; but they have difficulty predicting the variance of yard processing times, which is
vital to determining the frequency of missed connections and overall origin-destination
trip time reliability. From Powell [1986b], “unfortunately, it is not possible to calculate
any of the higher moments of the waiting time distribution except for certain special cases

with simple Poisson arrivals and bulk service with no control.”

. Process P-M ake or “ Achievability”

Thisis an offshoot of earlier service reliability effortsat M.I1.T. The approach (see
Duffy [1994], Schlenker [1994] and Dong [1994]) callsfor an application of industrial
engineering techniques to estimate processing times for each task to be accomplished
within ayard. Then, based on these processing time estimates along with standard devia-
tion, modeling tools are applied to evaluate the “performance” of the plan, the degree to
which
the plan, if executed, accomplishes goals such as making connections, and the probability

that the plan can be accomplished, its “achievability.”

. Optimization Approaches and Real-Time Control
Allen and Rennicke [1977] propose a system which assumes fixed track to block

assignments and uses a combinatorial search algorithm to optimize the hump sequence.
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The objective function is to maximize the total number of cars making their first available
outbound connection.

Yagar and Saccomanno [1983] propose a two-step approach to optimizing the
hump sequence, also assuming fixed track to block assignments. Their objectiveisto
minimize the average length of time cars spend in the yard as well as to minimize rehump
cars. All available trains are prescreened, then the sequence of the surviving candidate
trains is optimized using dynamic programming. Their assumptions might be overly
restrictive since they assume that the yardmaster cannot “swing” a block to a new track;
instead, all cars humped between block “lockout time” and the time the track is reopened
are assumed to be rehumped.

SRI International [1983] (see also Wong, Elliott and Hathorne [1979]) proposed a
system which was field tested at SP's West Colton yard in 1984. Thisdesign uses arule-
based heuristic to suggest dynamic track to block assignments. However, it takes the
hump sequence as given. As asequential heuristic it has no formal objective function,
however, the stated design goal is to *“maximize the use of classification tracks and to
minimize trim engine effort.” It also employs afairly sophisticated process for scheduling
pullout leads. However, SP chose not to proceed with the implementation of this system,
citing alack of sufficient benefits ( Dingle [1984]).

Quanshou and Yuanjin [1992] developed a system whose primary function isto
determine, in the case of avery large terminal having two yards, one for each direction
“up” and “down”, which yard should process the train. Thisis based on an analysis of the
cars on each train and their outbound connections, whether thereis still time to make those
connections, and whether the scheduled outbound trains have already reached capacity.

Kraft and Spielberg [1993] proposed to simultaneously optimize both the hump

sequence and dynamic block to track assignments using a network-based, mixed integer
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formulation. However, this formulation was only tested using a“toy” problem of 3 trains,
4 time periods, 3 blocks and 2 tracks, not practical for any real applications. Kraft has since
developed a prototype system for dynamic block to track assignment for the Union Pacific

Railroad [1995].

2.7 A Taxonomy of Approaches

Figure 2.2 categorizes research as strategic, tactical or operational on the vertical
axis, and by application area on the horizontal axis. Cutoff times among the categories are
somewhat arbitrary, but applications near the bottom of the chart are more “real time’ than
the ones higher up.

The column headings of Figure 2.2 summarize the research described in each
section of this chapter. The headings focus on the management processes which support
day-to-day operations of the railroad, as opposed to very long term strategic or financial
planning. The first heading, “Network Operations’ is based on operating plan devel opment
literature described in Section 2.3. Then equipment distribution, dispatching and yard
operations columns correspond to Sections 2.4 through 2.6 of this chapter.

Real time processes generally depend on processes shown at a higher level in the
same column. Intrain dispatching, for example, track time pricing (Harker and Hong
[1993]) should resolve conflicts in the master schedule and provide guidelines for resolu-
tion of operational conflicts at lower stages. Then within 8-12 hours of train
operation, target arrival times are selected based on the schedules actually planned to
operate that day. Finally thereal time train dispatching algorithm determines meet/pass
locations to maximize schedul e adherance to the requested target times. The concept of
minimizing tardiness relative to schedule, applied in this dissertation to determine routings
of individual freight cars, was directly adapted from the train dispatching literature
(Jovanovic and Harker [1990]).
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Jordan and Turnquist [1983], Powell [1986a] ,Powell [1988], Turnquist and Markowicz [1989],
Nozick [1992]
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A well-formulated master schedule helps the real time control processes perform better.
Conversely, a poorly formulated master schedule passes many conflicts and infeasibilities
through to be resolved at the lower levels. This harms service reliability.

Why not, then, focus research first at the top levels and work down? The reason is that
this approach tends to entrench existing business processes, that is, to “pave the cowpaths’
(Harker [1995]). By focusing first on the real time control area, tactical and strategic planning
tools can be developed later to fully exploit the capabilities of the real time control process.
For example, Jovanovic and Harker’s [1990] early work in train dispatching wasin real time
control; in later years, the research focus moved up towards the tactical and strategic levels.

In the “Network Operations’ area, development of dynamic car routing in real time will
obsolete almost the entire body of existing literature on railway operating plan devel opment:
because nearly all that literature assumes a fixed, tag-table based shipment routing strategy. As
well, most operating plan devel opment models are deterministic, based on “average day”
volumes, often not even recognizing day-of-week differences. If the results of this dissertation
are ever implemented in real world rail systems, ailmost all the current research on railway
operating plan development will have to be revisited.

The only known published terminal operations model compatible with dynamic car
routing is the work by Kraft and Spielberg [1993]. This model was further developed on a
proprietary basis by Kraft for the Union Pacific Railroad [1995]. More research will also
be required in terminal operations so that rail yards will be better able to get the right cars on

theright trains.



2.8  Positioning of This Research in the Taxonomy

This research fits into the lower left-hand corner of Figure 2.2, in the “ operational,
network operations’ category. It isclosely related to previous work by Kwon[1994],
Baugher [1993], Gorman [1994], Campbell [1996] and the Missouri Pacific Railroad
[1977]. Earlier research by White and Wrathall [1970] fits here as well, along with closely-
related LTL trucking problems solved by Powell [1986¢], Powell and Sheffi [1989],
Braklow, Graham, Hassler, Peck and Powell [1992], Farvolden, Powell and Lustig [1993]
and Barnhart and Sheffi [1993].

The Missouri Pacific [1977] citation describes functional requirements of the rail
industry’s current table-driven car scheduling process, but it does not incorporate optimiza-
tion techniques. White and Wrathall’s [1970] early paper proposed an optimization ap-
proach, but their problem formulation was not practical for large scale problems using the
computer hardware and software available at the time. Baugher [1993] describes implemen-
tation of a shortest path algorithm within the Norfolk Southern’s ITMS car scheduling
system, but the solution is based on a“flat” blocking network; it does not incorporate train
schedules or train capacity constraints. Gorman’s [1994] presentation describes the Santa
Fe Railway’s current car scheduling process, which again is table-driven, not an optimiza-
tion-based system.

Kwon’'s [1994] dissertation, along with several LTL shipment routing models listed
above, are most closely related to this research. The key improvements developed here are,
first, an integral flow guarantee for the deterministic part of the problem; second, modeling
customer behavior in the reservations and booking process using the “acceptance function”
as defined in Section 3.4; and the adoption of a profit-maximizing, yield management based
model formulation, also described in Section 3.4. Another distinction of thisresearch isthe

use of specialized subgradient and dual-ascent algorithms, specifically intended to cope
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with extremely large sized problems; whereas the previous research has generally tended to
rely on linear-programming based pivoting algorithms. Finaly, athough Kwon [1994]
developed both a simulation model and an optimization-based traffic assignment model,
these were not integrated together in his dissertation. In this research, the optimization code
is fully embedded inside the simulation model, which is used to measure process perfor-
mance on arolling horizon basis.

As compared with the LTL trucking research, it is interesting to note a primary focus
of that research seems to be on the identification of opportunities for adding direct trucks to
bypass breakbulk terminals. Inthe LTL systems, thisisdonein areal time mode. In rail-
roads, it is difficult to make last-minute changes in shipment routing, particularly after cars
have already been switched into classification tracks, so this service design function has
traditionally been performed as part of the tactical planning process. Although extratrains are
sometimes operated, railroad shipment routing tables tend to remain fairly static in the short
term. Although somerrail carriers might be considering the possibility of adopting this type of
dynamic operation, that is not the primary focus of this research. Instead, the focus hereis
simply on determining the optimal routing for a set of shipments assuming afixed capacity
network of blocks and trains, and on determining what service commitments should be
offered to customers based on this same set of operating and capacity constraints.

Two new models and solution algorithms for managing a freight railroad reservation-
based business processin real time will be developed here. The first model determines what
service offers ought to be made on loads calling in, supporting the railroad’s reservation
center. It isunderstood that an offer for delayed service incurs some probability that the

customer will reject the offer — thisis factored into the formulation
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Once a shipment has been accepted, it must be managed consistently with its delivery
commitment; the second model, a dynamic car routing program, supports the needs of

classification yards by suggesting blocks and trains in which each car should ride.
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CHAPTER 3

A Modd for Dynamic Car Scheduling:
Problem Formulation

3.1  Problem Definition

Two related problems are considered here: first, what delivery appointment time, if
any, should be offered to maximize profit when a customer callsin aload; second, how
should a carrier manage cars aready on line so they will arrive by their appointment times?
The problem is to determine which routings cars should take through a space/time network
to maximize profit or minimize cost. Essentialy, it isatraffic assignment problem (see
Fukushima [1984], Tobin and Friesz [1988], Aashtiani and Magnanti [1981]).

Clearly the two problems are related since if too much traffic is accepted or service
offers are too aggressive, the dynamic car routing algorithm will not be able to achieve the
target delivery times. To prevent this, the two problems must be linked through joint
capacity constraints and/or equilibrium dual prices. These two problems are sufficiently
distinct in required inputs, outputs and solution time frame to justify different solution

approaches, even though their mathematical structureisvery similar.
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Consider a centralized railway reservations center operating with a sophisticated,
real time shipment management system. The function of the center is to proactively manage
and monitor all shipments currently on line in amanner consistent with their delivery
commitments, as well asto offer price and service quotations on new shipments called in.
The objective of the reservation center isto maximize the railroad’stotal profit on cars

currently moving, plus expected profit from future business:

Max Profit = ( (Revenues pet - Costspet) + F (Revenues gyt - Costs gyt )

Revenues pet represents the revenues which will be earned from the cars currently
on-lineif they are all delivered on time. Since these cars are physically in the custody of the
rail carrier, and the price quotation has already been accepted, revenue is a fixed number
and can be treated as a constant. Costs pet includes all operating cost associated with mov-
ing cars currently on line. If revenue would be reduced as aresult of cars being delivered
late, this can be treated as a penalty and included in Costs pet. Thus the first part of the
objective function reduces to minimization of operating plus penalty costs of all cars cur-
rently on line. There is no guarantee that any given shipment will remain profitable, and
shipments can no longer be rejected once they start moving. This portion of the objective
function will be handled by a*“Dynamic Car Scheduling” model.

The second part of the objective function maximizes expected profit from future, as
yet uncertain demands. Whether the demand materializesis not within the carrier’s control.
However, once a prospective load is called in, then the probability of that load being
“booked” depends on the service offer made. As described in Section 3.4, this service offer
decision leads to both a direct revenue and cost impact, therefore both the revenue and cost
terms must remain within the objective function. Thiswill be the focus of the “Train Seg-

ment Pricing” model.
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Because the formulation has been decomposed based on time, these two models
must be coordinated through joint dual variables and/or capacity constraints. The best way
to accomplish this will be further examined in the rolling horizon simulation testing phase.
. The“Train Segment Pricing” model accepts a forecast of future traffic flows which
have not materialized yet. Itsfocusis to estimate dual prices for each train segment . These
prices are used to determine appropriate service commitments when the actual loads call in.
A primal feasible solution is calculated only to validate the quality of the dual prices by
establishing that these prices lead to atight upper bound. This feasible solution is not really
needed for any other purpose.

. In contrast, the “Dynamic Car Routing” model must route real shipmentsin real
time, producing trip plans and instructions for classification of carsin yards. A target
delivery time for each shipment is determined when each order is taken, so thismodel’s
purpose isto develop an operating plan to deliver all shipments by the agreed-upon time at
minimum cost . A feasible solution, satisfying an integral flow requirement is needed
because the application is routing physical shipments which cannot be split in half. Math-
ematicaly, the “Dynamic Car Routing” formulation is a special case of the “Train Segment
Pricing” model.

Figure 3.1 shows how the modules resulting from this decomposed formulation fit
back together. The process starts with a demand forecast (1.0), which must be periodically
adjusted as demand materializes throughout the day. The demand forecast methodology is
not the focus of this dissertation and is |eft to future researchers.

Given an updated demand forecast, the train segment pricing model (2.0) updates
dual pricesfor each train segment. These dual prices directly influence service offers
developed by the real time service quotation module. This quotation process should pro-

duce an overall aggressive but achievable set of service offers. Service quotation should be
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agood predictor of the actual capabilities of the dynamic car scheduling process.
Solution of the train segment pricing model can be time consuming, but fortunately it need

not be solved in real time.

Figure 3.1: Proposed Reservations/Booking
and Dynamic Car Scheduling Process
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Based on train segment dual prices, the service offer is determined in (3.0) using
the modified shortest path procedure described in Section 4.2. Asloads are called in, the
carrier evaluates each one in terms of revenue, profitability, impact on overcapacity train
segments and service sensitivity of the customer. This can be done very quickly so that a
service quotation can be developed in just afew seconds. Each accepted load is assigned a
target delivery time and a tardiness penalty cost.

Finally, the dynamic car scheduling module (4.0) produces atrip plan for each car
and, more importantly, shipment routing instructions to directly drive car classification in
each yard. This process continuously monitors all movement reportings to ensure that all

shipments remain on schedule.

3.2  Formulation Issues

A comparison can be made with the previous work of Jovanovic and Harker [1990]
and Hallowell [1993] in the train dispatching area. Jovanovic and Harker [1990] devel oped
areal time dispatching algorithm to minimize tardiness of trains relative to schedule. In
theory, a master schedule could supply the target times for Jovanovic's algorithm, but
problems with this approach soon became apparent. For example, the master schedule did
not take into account the operation of extratrains. If atrain fell behind schedule, master
schedul e-based target times could become unachievable.

These problems suggested the need for a method of developing target times which
takes real-time traffic conditions into account, which was developed by Hallowell [1993].
Hallowell showed that this real time method of developing aggressive but achievable target
times makes the dispatching algorithm “work harder,” leading to atighter compliance with
plan and improving performance.

A master-schedule driven approach in the car scheduling application would likely

suffer similar difficulties. Under light traffic conditions, master schedule-based quotations
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should be “tightened up” to take advantage of available capacity in the system. Otherwise,
some customers whose needs could actually be met would be quoted unnecessarily long
transit times, resulting in ahigher customer “balking” rate than necessary. In heavy traffic
conditions, master schedule-based commitments might not be achievable, leading to service
failures. For these reasons, areal time service quotation capability will be developed, and a
master-scheduling based service gquotation approach will not be further pursued here.

Past researchers have approached this as a deterministic multicommodity network
flow problem (MCNF) with side constraints on train capacities. Each railcar or individual
shipment is modeled as a separate commodity. This approach was first suggested by White
and Wrathall [1970]. A practical problem isthe large problem size with literally thousands
of commodities. Specialized algorithms are required to make such aformulation practical,
such as suggested by Kwon [1994], Barnhart and Sheffi [1993] or Farvolden, Powell and
Lustig [1993] and Jones, Lustig, Farvolden and Powell [1993].

It isinteresting to note that White and Wrathall’s [1970] mathematical programming
formulation even predates the Missouri Pacific’'s [1977] car scheduling implementation,
which uses atraditional data processing approach. Thus, the basic mathematical structure of
this problem has been known for along time, although the computer hardware and software
available in 1970 prevented any practical application of this concept. Another two decades
would pass before researchers would again attempt to apply mathematical programming
approaches to this shipment routing problem.

A simplistic way of addressing the overcapacity train issue would be to rank carsin
order of priority and load the train network sequentially. When atrain fills up, that link is
“blocked” and the next best path is used for subsequent cars. This approach wastakenin a
system built by American Airlines for the Santa Fe [1994], and its performance will be

further examined in Chapter 4.
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The telecommunications industry has been dynamically routing phone calls for
many years. An analogy could be drawn to packet-switching systems where the packets
could be compared to freight cars and the telephone linesto trains. Thereis arich literature
on this subject (see, for example, Hajek and Ogier [1984], Moss and Segall [1977,1978])
but there are also many fundamental differences between telecommunications systems and
rail transportation systems. Hajek and Ogier [1984] model traffic as a continuous flow,
which assumption is valid only when the number of packetsin the network is large com-
pared to the number of nodes. Their objective isto minimize the delay of messages waiting
for transmission capacity; however, transmission itself seems to have zero cost and require
zero time. They describe the problem as an “optimal evacuation” problem and the solution
is essentially a network max-flow problem rather than cost minimization or profit maximi-
zation.

Therailroad car scheduling problem must take into account:

. The discrete nature of railcar shipments, a continuous flow

model cannot apply;

. The fact that each shipment can have a different service
commitment, revenue and cost;
. Line haul movement occursin batch and at a specific time,

rather than on a continuous basis, which takes time and has a cost;

. Yard handling incurs afixed cost plus avariable cost which

depends on how long a shipment remains in the yard.

These factors all point back towards the traditional MCNF formulation. While
considerable information about each shipment currently moving on line is known, unfortu-
nately there exists agreat deal of uncertainty in future demand forecasts. In asimilar

application, Powell [1987] modeled freight transportation demand as a Poisson process.



The nature of the problem changes significantly when the customer callsin their loads for
the day. Prior to this event, the carrier can only project future demand based on some
probability distribution. After the customer callsin, however, this distribution function can
be replaced by the realization of actual demand. These “before” and “after” problems are
distinctly different. This suggests that the railroad shipment routing problem might be
decomposed into two subproblems, as follows:
. A dynamic car scheduling, cost-minimizing model applied only to “initial inven-
tory” of shipments currently on line. The problem isto deliver al shipments within their
customer committed delivery times at minimum cost. The current position and destination
of each car are known. Each car has an agreed-upon delivery time window, with a penalty
cost for early or late arrival. Penalty costs represent actual payments or rate reductions, an
estimate of loss of goodwill, loss of future revenues or profits, or some combination of
these. Flows must be routed subject to an integral flow constraint since boxcars cannot be
split in half.

Required inputs of the dynamic car scheduling model include, for every shipment
currently on-line:

- Number of cars

- Current location

- Destination

- Time and mileage cost

- Scheduled delivery time

- Tardiness penalty cost
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The model produces:

Trip plansfor every car
Train segment and yard workload projections
Car classification instructions for every yard

Dual variable pricesfor every train segment

. A train segment pricing, profit-maximizing model which assigns forecast demands

for 7-10 days into the future. The problem isto determine what service offers to make to

maximize expected profit, taking cost, revenue, the probability the demand will materialize,

and the probability the customer will accept the offer into account. If the customer accepts

the service offer, this appointment time becomes the base from which penalties for early or

late deliveries are calculated once the shipment starts moving.

Required inputs include, for every forecast demand:

Number of cars

Origin

Destination

Time and mileage cost

Revenue

Probability the shipment will materialize

Customer service sensitivity parameter

The model produces dual price estimates for every train segment. Aswill be further

described in Chapter 4, based on these dual prices, the optimal service quotation can easily

be determined using a modified shortest path algorithm. Train loading and yard workload

for the next 7-10 daysis aso projected.
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Profit maximization is not the only possible objective. Another possibility would be to
directly minimize weighted tardiness, as proposed by Jovanovic and Harker [1990], or to
minimize the maximum tardiness as proposed by Luss and Smith [1986]. The literature on
some of these alternative approaches is well developed: Luss[1987] extended their minimax
methodology to the case of non-linear cost functions, and Klein, Luss and Smith [1992]
extended it to multiperiod problems.

Each of these possible objective functions offers certain advantages in terms of solu-
tion methodology and execution speed. For the case of minimum weighted tardiness, for
example, one could route shipments using some myopic heuristic, and if it turned out that all
shipments were delivered on time, that would be considered an optimal solution. A
profit-maximizing requirement would further be to identify the least cost way to deliver all
the shipments on time: clearly a more difficult challenge.

Since this model might recommend rejecting shipments, it must prove the
unprofitability of offered traffic to justify turning it away. This requires an economics-based,

profit maximizing formulation.

3.3  Formulation: Dynamic Car Routing Model

The Dynamic Car Routing model formulation is just a standard Multi Commodity
Network Flow (MCNF) problem with coupling constraints on train capacities. It isvery
similar to the model proposed by White and Wrathall [1970] except formulated in link rather
than path variables. Each discrete shipment, which can consist of one or more cars, is repre-
sented as a separate commodity. Since the application isfor routing of real freight cars, a

special integral flow constraint must be included.
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Define the following sets:

N = The set of nodes representing points in space and time when trains arrive or
depart yards. In the mathematical formulation, a single fictitious “ Super
Sink” node Q" serves as the common destination of all shipments. This
allows the model to choose from several possible delivery timesin the
space/time network, while still satisfying network conservation of flow
constraints for all nodes. The subset of “termination” nodes, each node
corresponding to a different delivery time, from which shipment “k” can be
delivered to the consignee is defined by Ty I N.

A= Theset of links representing train schedules in space and time, and
“inventory” holding links in yards, including those links connecting the
termination nodes Tx 0 N for each commodity k [ K to the fictitious
Super Sink “Q". Eachlink (i,j) L A for commodity k L] K hasaflow
volume XjjK and cost CjjK.

K = The set of demands: each forecast shipment k L1 K has an integral number
of cars actually shipped, Ok, and atarget delivery time. Deliveries at other
times may incur a penalty, which is built into the link cost coefficients Cjj k

on the links connecting into the Super Sink node Q.

Then G={N,A} defines an acyclic graph representing a network of train and yard

processing links in space and time. This network is replicated for each commodity k [ K.

S = The set of train route segments, based on intermediate pickup or setoff
locations as shown in Figure 3.2. Eachlink (i,j) LI A has an associated
set of train segments Sjj0 S. Each segment s [J S has an associated set
of linksAs[0 A which definesthe inverse relationship.
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Define the following input data:
Cs = Capacity of train segment s [J S, in cars.
Ok

An integral number of cars actually shipped for commodity k [1 K.

Cijk Cost for commodity k [J K moving over link (i,j) LJ A, including
fictitious links connecting to the supersink Q which may contain penalty

cost terms for late shipment deliveries.

Define the following variables:

Xijk = Number of cars of commodity k [J K moving over link (i,j) L] A
Us = Dual variable associated with segment s [J S.
¢ijk = Adjusted cost of car k [J K moving over link (i,j) [ A.

01K = CijK - = ug forall links(ij) O A.
s U Syj

Fig. 3.2: Train Route Segment Definition

Block
@ IIAII '
O Block
2 IIBII

Segment 1 Segment 2 Segment 3
Includes Includes "A" + Includes "B"
IIAII : IIBII

Since the ¢; jk cost coefficients and ug dual variables always have opposite signs,
subtracting the two in the above definition of ¢ jk makes them additive, in fact, by absolute

value. For example, Figure 3.2 shows atrain which handles two blocks of cars. Block

59



“A”, picked up at node 1 and set off at node 3; and Block “B”, picked up at node 2 and set
off at node 4. Thistrain’sroute would be divided into three segments; segment break
points occur where pick up or set off activity occurs. The cost of the link representing
block “A” would be adjusted by subtracting the dual price of train route segments 1 and 2.
Thus the adjusted cost for link (1,3) is 13K = c13K - ug - up.

For all commodities k L1 K, the following identity holds by definition for the

subsets Sjj and As. Thisidentity will be shown using asimple example derived from Figure

3.2.
T Zus XK= T Zus XK (3.3.1)
(i,))OA sOS; sOS (i,))0As
. “Left Hand Side” first indexing by link, then by associated segment:
A={(13),(24%} (All linksin the network )
S13={1,2}; Sp4={ 2,3} (Segments associated with each link by index #)
. “Right Hand Side” first indexing by segment, then by associated link:

S={123} ( All segments by index #)
A1={(1,3)};A2={(1,3),(24) }; (Linksassociated with each segment )
Az={(24)}

Bothyield thesameresult: 2 2 ug X; jk = Urx13K + Upx13K + UpxoaK + ugxogK
SOS (i,j)DAs

Then the dynamic car scheduling problem can be formulated as a standard

multicommodity network flow problem (MCNF) with an added integral flow constraint.
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Only cars already received are assigned trip plans using this model. The dynamic car schedul-

ing problem can be written as:

Min 2 2 cjjKxjjK forallk OK, (i,j) O A. (3.3.2)
kK (i,j)0A
subject to:
2 XpnoK=0k forall kK, (n,0) OA, (3.3.3)
nO Tk ( @ = the “Supersink” node )
2 xiQk-2 xqjk=0 (3.3.4)
i

j for all kUK, (i,Q)[A, (Q,j)A,
( Q# the shipment origin or supersink “Q” )

Equations 3.3.3 and 3.3.4 are standard network flow conservation constraints for the
supersink and intermediate nodes, respectively. The origin node flow conservation constraint

is redundant and has been omitted.

2 2 xjjk< Cs for all train segments s O S (3.3.5)
kK (L)0As ( Capacity Coupling constraint )
Xijk [J {Nonnegative Integers} (3.3.6)

forall k 0K, (i,j) A ( Integrality Constraint )

In this cost minimizing formulation, the cjj K cost coefficients will be positive and us

dual variables associated with (3.3.5) will be negative.
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34  Formulation: Train Segment Pricing Model

The proposed train segment pricing model is a generalization of the dynamic car
scheduling formulation. At a centralized reservations or booking office, forecast demand is
not certain to materialize; even if aload does call in, the customer is not certain to accept
the carrier’s price and service offer. The lower the price or the faster the service, the more
likely the customer will accept the carrier’s offer. The reservations center needs atool to
help them determine what service offer to make, taking this tradeoff into account.

In theory, rail carriers should provide capacity so they can sell space on trainsto
generate revenue and make a profit. In the past, however, decisions whether or not to
provide train capacity have often been based on cost considerations. This framework
provides, for the first time, an ability to understand revenue as well as cost implications of
adecision to provide capacity, and the ability to incorporate that information into real time
decision making.

Figure 3.3 shows how the carrier’s decision to provide capacity leads to both a
direct revenue and cost impact. If train capacity is available, the shipment should move on
the first available train via the lowest cost routing, taking into account the time value of the
freight and hourly cost of the equipment it movesin. This policy minimizesthe railroad’'s
cost, and maximizes expected revenues by maximizing the probability the customer will
accept the offer, so it maximizes expected profit. If capacity isnot available, alater deliv-
ery must be offered. Then the price might need to be reduced and costs will likely be
higher, reflecting the longer transit time. Or, the customer might reject the offer entirely.

In this application, cost coefficients apply to each train block, and are input data
based on both the physical characteristics of the territory traversed and on transit time.

Typically each block carries an “allowable traffic” attribute. Thus, an intermodal block
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would be restricted to carry only intermodal traffic and would not even be available for consid-
eration for routing general merchandise traffic. Choosing only from allowable paths, usually

the least expensive path will aso turn out to be the fastest.

Figure 3.3: The Revenue Vaue of Capacity
Capacity Available Capacity Unavailable
Fast Transit Time Slow Transit Time
Quotation Quotation

High Probability Low Probability
Customer Accepts Customer Accepts
Quote Quote

High Expected Low Expected
Revenues Revenues

The proposed “ acceptance function,” shown in Figure 3.4, quantifies the probability the
customer will accept a service offer as afunction of offered transit time. This function must be
calibrated for each customer and OD flow, based on mutually agreed contract terms and his-
torical customer behavior. Underlying the acceptance function is an assumption that the longer
the transit time quotation, the less likely the customer will accept the carrier’s service offer.
Especiadly for highly profitable traffic, this provides a clear incentive for the carrier to offer the

most rapid service possible, to maximize the likelihood the customer will accept the service
offer.
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Figure 3.4: " Acceptance Function” givesthe probability
a certain Service Offer will be accepted.

Service Sensitive Service Insensitive
Prob Customer Prob Customer
1.0 1.0
0.0 0.0
Transit Transit
Time Time _
——

To implement the acceptance function on a computer, a specific functional form
must be assumed. The logit function has extensive theoretical basis for applicationin
modeling economic utility, and is often used in consumer choice modeling. See, for ex-
ample, Manrai [1995], Koning and Ridder [1994], Borsch-Supan [1990], Green and
Krieger [1988], and Anderson, DePalma and Thisse [1988]. The logit function has a nice

“S’ shape and is easy to calibrate:

P( Accepts Quote) =



where:
a,pB = Calibration parameters, described below
= The difference between the transit time quoted and the “base” transit
time per the railway operating plan using the most efficient routing.
“Base” trandit timeis calculated using a minimum cost shortest path

calculation with all ug=0.

The definition of A proposed above assumes the customer knows the “base line” or

best case service level and would not have called had that service offer been unacceptable.
The probability of customer acceptance for this “base line” service offer equals 1.00 by
definition. Recapture probabilities for later delivery offers would be calculated using the
logit function.

To better understand the significance of the logit coefficients, note that if a = 3 and
A = 1 day, then P( Accepts Quote ) =.50. Thelarger a and [3, the steeper the slope of the

acceptance function. To further ssimplify the model, define:

p = Thenumber of days beyond the base transit time which corresponds to the

50% acceptance level.

Then set a =4.394 and B = a / p. With these substitutions:

4.394 -4.394 |
e

P( Accepts Quote) =

4.394 - 4394 /
1+ e

The p substitution makes the function easier to calibrate, reducing the data

requirements of this formulation. It requires only an empirical estimate of what service
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offer would result in a 50% customer acceptance probability. This question could be asked of
the sales representative for new business or calibrated based on historical booking

behavior for old business. Sample values are given in Table 3.1 for the case p= 2.

Table 3.1: Example Acceptance Function for p=2
Lateness Quoted =A O 1 2 3 4

Probability Accept 1.00 .90 .50 .10 .01

Define:
K = The set of demands, as before; however now each forecast shipment
k [J K has an expected number of offered cars &k, an acceptance
coefficient px which measures the customer’s service sensitivity (used
as a parameter of the logit function) and revenue which can depend on the
offered delivery time. This revenueis built into the link cost coefficients
Cij K" on the links connecti ng into the Super Sink node “Q”.

&k = Expected offered demand for commodity “k”, aforecast origin-
destination demand offered at a particular point intime. &k can be
viewed simply as an average demand, a parameter of arandom
distribution such as Poisson. In rolling horizon testing in Chapter 5, the
true value of {x is assumed to be known and simulated demands are
randomly generated based on an integerized Normal(§ k& k) distribution,
approximating the Poisson (used in Kraft [1995]). In areal world
application, &k might be estimated based on historical data. If &k were
estimated as a sample mean, &k would also be arandom variable.

However, this formulation treats &k as a known quantity.
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Bs = A user-supplied booking limit, which can be greater or lessthan Cs, the
actual capacity of train segment s S.
Pk = The probability customer of commodity k [1 K accepts

the service offer for shipment delivery at node n L] Ty,

The Train Segment Pricing model can then be written as:

Max 2 X cjjk xjk (3.4.1)
kOK (i,j )OA
subject to:
2 (1/ Pnk ) XnoK < & foral kOK, (no) O A, (3.4.2)
n0O Tk (Q =the “Supersink” node)
2 xiQk-2 xqQjk=0 (3.4.3)
i .

i for al kLIK, (i,Q) U A, (Q,)) L A,
(Q# theshipment origin or supersink “Q” )

2 2 Xijk < Bs for all train segmentss [ S (3.4.4)
kK (i,)0As ( Booking Limit Coupling constraint )
XijK > 0 for all ij,k (3.4.5)

(Nonnegativity)

Changes made to the original Dynamic Car Routing formulation include:

The cost minimizing objective function 3.3.2 has been converted in 3.4.1 to

maximize profit instead. Thisimpliesareversal of signin the cijk coefficients. All costs

Cij K are represented as negative and revenues as positive quantities. The cjj K coeffi-

cients on links incident to the super sink are positive and now contain revenues earned,

rather than penalty cost for late delivery. Dual variables usgassociated with (3.4.4) are

nonnegative.
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. Equation 3.3.3 becomes 3.4.2. The“gain” coefficientsin 3.4.2 represent the cus-
tomer acceptance probability for an offered delivery at termination node “n”. Since accep-
tance probabilities are present, the revenue is not certain to occur, but if the customer
rejects the service offer, the cost is avoided too. The gain coefficient reduces the expected
flow volumes Xjj Kto proportionally reduce both cost and revenue on every link, so that if
all flow isrouted over asingle path, then Xijk = &k * Pnk on utilized links (which is
simply equation 3.4.2 restated). If all Phk = 1.00, then the problem reduces to a standard
MCNF formulation.

. The equality in 3.3.3 is converted to an inequality in 3.4.2, allowing shipments to be
rejected.

. The integral flow constraint 3.3.6 is replaced with a simple nonnegative flow
constraint 3.4.5, because the fractional “gain” coefficient representing probabilitiesin 3.4.2
makes integral flows impossible to achieve. Also, “expected” origin-destination demand &
in the Train Segment Pricing formulation is not required to be integral to begin with.

. A user-adjustable “booking limit” Bgis substituted as the right hand side of con-

straint 3.4.4, in place of actual train segment capacity Cs, used in 3.3.5.

3.5 Dual Formulation

The dual linear program of the Train Segment Pricing model formulation provides a
number of useful insights. The dual optimality conditions lead directly to the formula
which is used to select the optimal delivery time in the proposed subgradient solution
algorithm. Also, analysis of the dual establishes that the shadow prices on the train seg-
ment capacity constraints, us, are directly additive to the original link costs cjj. The wik
dual variables are the reduced costs associated with the original network flow conservation
constraints; their value gives the cumulative distance of each node “i” from the root node of

the shortest path tree.
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In aprofit maximizing formulation, all link costs ¢jj are input as negative quantities,
except for the fictitious arcs connecting the termination nodes Ty with the supersink node
“Q". These fictitious arcs are the only links to have positive ¢jj , which represents the
revenue earned if the shipment is delivered at nodei O Tk. All ug > 0 because they are
associated with a“less than or equal to” inequality constraint. The wik duals are associated
with equality constraints; therefore, they are theoretically unrestricted, however, due to the
structure of the input datain this problem, all wik < 0 except at the super sink node Q. At
the super sink node “Q”, wik should not be negative if shipments can be rejected, so in the
Train Segment Pricing model formulation, all wok > 0. In the Dynamic Car Scheduling
formulation, shipments which are already moving cannot be rejected, so the value of wokis
unrestricted. The remainder of this section will work out the dual based on the Train Seg-
ment Pricing formulation given in Section 3.4, which is the more general of the two models.

The dual formulation will be derived by working out a simple example first, then the
general formulation will be stated. Figure 3.5 depicts a simple two commodity, ten node,
twelve link MCNF problem. The TSP simplex tableau for this problem is given in Figure

3.6. From thistableau, the dual constraints (for commodity 1) can be written as:

wol +up > cp0l (35.1)
wsl >cq3l (35.2)
-w3l +wgl+up > cayl (35.3)
-wol +wyl > cp4l (3.5.49)
-wo2l + (Up2sl) wsl > cpsl (3.5.9)
Wyl + (Upgsl) wsl > cgs5l (3.5.6)

The constraints for commodity 2 would be structured identically to the above.
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Fig 3.5: Example Network for Dual Formulation
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Fig3.6: Simplex Tableau for Example Network
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Notes:

- Node iy is node i for Commodity k.

- The dual formulation has one constraint for each link, whereas the primal formulation has
one constraint for every node (except for the shipment origin node, which is redundant and
has been eliminated.)

- Dual variables w;K on flow conservation constraints give the cumulative distance from the
origin node 1 for node i, commodity k.

- In this simplified example, there are no "overlapping" segment capacity constraints, dual
variable uq corresponds to the coupling constraints for links1-2, variable uo couples links 3-4.
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First, note that equations (3.5.1) and (3.5.2) lack terms for -w1k . The w1k terms
are missing here because the flow conservation constraint for the origin node (1) was
omitted from the primal formulation, as aredundant row. In the dual formulation, that is
essentially the same as fixing all w1k equal to zero.

Second, note that the u; and u dual variablesin equations (3.5.1) and (3.5.3) can
be rearranged as follows:

-w3l+wyl > c34l-u (3.5.3)

Since link cost coefficients in the TSP formulation are all negative by definition
(except for the supersink links, where revenues are represented as positive quantities) and
Us's are positive, this shows that the dual price adjustments are additive to the original link
cost coefficients.

Equations (3.5.2) and (3.5.4) lack us dual variables because they are yard inventory
holding links, and train capacity constraints do not apply. The current formulation does
not model any fixed car capacity constraint in the terminals. Similarly, equations (3.5.5)
and (3.5.6) do not include us dual variables because they are fictitious super sink links,
having no capacity constraint. Since the TSP formulation is for profit maximization, the

dual objective functionis:
min &1 wsl+ &2 wg2+ Cqug + Coup (3.5.7)

Equation 3.5.7 says to minimize the weighted sum of shadow prices of the coupling
capacity constraints us, plus the weighted sum of “wsk” terms. The “wsK” terms require

further interpretation. Reorganize (3.5.5) to solve for wsl:

-wol + (1/p2sl) wsl > cpsl (3.5.5)
(Up2sl) wsl > cosl + wpl

wsl > ppsl(wpl + cpsl)
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Remember, in the TSP formulation, the dual variable w»1 will be a negative quan-
tity. In an optimal solution, its absolute value will represent the minimum cumulative cost
to move from the shipment origin node “1” to possible termination node “2”.

The revenues to be earned by delivering shipment 1 at node or time “2” are repre-
sented by cps1, which is apositive quantity. Substituting these “English” definitions for
the variables, the implications of (3.5.5) become clear:

wsl > Probability of Customer Acceptance (Revenue - Cost)

This condition can only be satisfied for all possible delivery nodes, if wslis set
egual to the greatest possible expected profit. Otherwise, at least one dual constraint will

be violated and the solution would be infeasible. Select:
wok = max piok (wik + cigk)  for all links (i,j) inbound to the Super Sink “Q”".

This procedure, in fact, will actually be proposed in Section 4.2.1 to select delivery

times in the TSP subproblems.

3.5.1 General Formulation of the Dual

The general formulation of the dual has three types of constraints:
1) Links which originate at the shipment origin node i, are missing their -wik terms
because the origin node flow conservation constraint has been dropped from the primal
formulation.
2) “Intermediate” links which do not touch either the origin or supersink nodes appear
asclassic “network dual” constraints. Thisform of constraint is the underlying motivation
for the design of label-correcting shortest path algorithms, for example.
3) Links which terminate at the super sink node Q incorporate the special probability

terms which represent the likelihood of customer acceptance of the service offer.
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The general dua formulation is:

Min 2 &rwoK + 2 Cgus (3.5.8)
k [K sdS where Q is the “Supersink” node

subject to:

wik + Zug > gk foreach link (i,j) LI A where “i”  (3.5.9)
s U Syj is the origin of shipment “k”,

forallk J K
wik - wik+ T ug > gk for each link (i,j) LJ A where “i” (3.5.10)
s U Sij is NOT the origin of shipment “k”,

and j # Q, for all k [ K

(1/piak) wok - wik > cjok  foreachlink (i,j) O A (3.5.11)
where j = Q, for all k 1 K

3.6  Representing Forecast Demand Uncertainty
Charnes and Cooper [1963] define a“Chance Constrained” formulation as a problem
of the following kind:

optimize f(c,x), subject to:
P(Ax<b)>a

where:

- “A” isamatrix of linear program constraint coefficients
- “X" isavector of linear program decision variables

- “b” isavector of linear program right hand side values
- “c” isavector of objective function coefficients

- “a” isthe acceptable probability of constraint violation
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wherein “P’ means “probability” and A, b, ¢ are not necessarily constant but have,
in general, some or all of their elements as random variables.

An aternative formulation of the train segment pricing model would treat uncer-
tainty in future demands by replacing capacity coupling constraint 3.4.4 with a*“chance
constraint” — given an uncertain demand forecast, the goal would be to keep the probabil -
ity of overflowing the train within acceptable limits, specified by the parameter a. An

alternative chance constrained form of equation 3.4.4 follows:

P{ >3 XijK > Cs}<O forallsOS
k (i,jlas ( Chance Constrained Version)

A second change in the formulation would be that “Nk” (the number of carsin each
shipment) becomes a random variable instead of a constant. Since only a discrete number
of cars can be shipped, an appropriate assumed distribution function for “Ny” might be the
Poisson. The network flow conservation constraints propagate randomness from “Ny” into
the Xjj K decision variables, thence into the chance constraint above. The relationshi p would
be even more direct if the problem were reformulated using path variables rather than link-
node representation.

Charnes and Cooper show that, for the case of a continuous, symmetric distribution
which is completely defined by itsfirst two moments, the chance constraints can be trans-
formed into a deterministic form which corresponds to the interior of an elliptic hyperbo-
loid, aconvex set. Thusalinear stochastic problem is transformed into a deterministic
problem having alinear objective function with nonlinear constraints. Charnes and Cooper
give an example of applying this methodology to a machine loading problem. This particu-
lar transformation is not applicable here since the assumed distribution of “Ny” hasadis-

crete, not a continuous density function.
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An alternative approach was pioneered by Cooper and LeBlanc [1977] who
define a* Stochastic Transportation Problem” for the case where transportation costs and
supplies are known, but demand at destination nodes is uncertain. An inventory cost term,
based on expected shortage or surplus cost, isincorporated into the objective function,
leading to a problem with anon linear objective function, but linear constraints.

The choice whether to model a certain problem as a stochastic program or to
utilize chance constraintsisreally up to the analyst. Either choice leads to nonlinearity in
the deterministic equivalent. If objective function coefficients vary, then a stochastic
program formulation naturally suggests itself. If instead constraint coefficients or right
hand sides take on random values (the case here), it isimpossible to guarantee feasibility
100% of thetime. The direct approach is ssmply for the user to specify some target
feasibility level “a” — the chance constraint approach.

Some early models (Kraft, Oum, and Tretheway [1986]) used a chance con-
strained approach for both airline overbooking and seat allocation. A more sophisticated
way of dealing with infeasibility isto assess a penalty cost for constraint violations and
let the optimization program choose the best value of a. This converts a chance con-
strained formulation into a stochastic program. The article by Smith, Leimkuhler, and
Darrow [1992] described the modern yield management approach of equilibrating the
expected value of revenue between fare classes. This newer approach eliminates the need
for management to specify an apriori a cutoff value — thisis now determined implicitly
by the program. This approach is attractive if the cost of constraint violations can be

precisely and accurately quantified.
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If, however, the cost of violation is hard to quantify (dominated by such “ soft”
considerations as lost customer goodwill) then a chance constrained approach is both a
more direct and honest treatment. As a practical matter, an appropriate booking limit Bsfor
each segment can be determined through experience. For example, consider the case of an
airplane having 100 seats. The airline might determineit is safe to sell up to 110 seats
because of no-shows. If thisflight isthe last plane out in the evening, the airline might
want to authorize the sale of only 90 seats to save room for up to 10 missed connections.

Implementation of a chance constrained or probabilistic formulation for Train
Segment Pricing would increase the input data requirements. A probability distribution of
demand, as shown in Table 3.2, would have to be calibrated for every origin destination pair
that has any significant probability of producing traffic. Any requirement to calibrate not
only the first, but also the second and possibly higher moments of demand would present a
daunting implementation challenge, at atime when rail carriers are not known to have

developed any kind of short term, origin destination demand forecasting at al.

Table 3.2: Sample Demand Distribution

Number of Cars 0 1 2 3 4+
Probability 4066 .3659 .1647 .0494 .0134
Expected # of Cars= 0.9 per day

In contrast, alinear-program based, deterministic formulation requires only afore-
cast of expected, average demand by origin destination. When benchmarked against the

much more complex non linear models, such L P-based formulations have performed well.
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Williamson [1992] (pp. 68-69) gives alinear programming formulation for an airline

network yield management problem:

Max 2 fodf Xodf (Maximize fare x volume = Revenue) (3.6.1)
odf

subject to:

2 Xodf < Cj (Seats sold cannot exceed flight capacity C;j) (3.6.2)

odf

Xodf £ Dodt (Seats sold cannot exceed ODF demand Do) (3.6.3)

Xodf> 0 for al odf (3.6.4)

(Nonnegativity)

Using arolling horizon simulation model, Williamson [1992] compared the perfor-
mance of this deterministic LP versus a nonlinear, probabilistic variant of the same network
model, and versus the leg-based EM SR heuristic (Belobaba [1987]). She concluded (pp.
173-174, 177, 184):

Although the probabilistic solution performs better in the partitioned, non-nested case,
the nested deter ministic methods consistently outperform the nested probabilistic methods. The
reason for thisis that the probabilistic network solution tends to “overprotect” seats for the more
desirable and higher fare class ODF's. While more desirable ODF's can have access to additional
seats through nesting without explicitly alocating such seatsto the ODF's, excess seats all ocated
to the more desirable ODF's are not made available to less desirable ODF's for those cases where
the seats are not used.

It is not the case that the deterministic network seat alocations are the “ optimal” nested
ODF allocations, it isjust that the deterministic seat allocations tend to be closer to the optimal
nested protection levels than the probabilistic alocations from a static, non nested formulation of
the network seat inventory control problem.

Aswas the case for the nested deterministic and nested probabilistic approaches, the bid
price approach based on the deterministic formulation of the network seat inventory control
problem consistently outperforms the probabilistic bid price approach. This overprotection of
seats leads to probabilistic bid prices which are often higher than the deterministic prices and
sometimes “too high”, particularly on critical flight legs.
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It is hard to generalize Williamson's findings, however, beyond the scenarios tested
in her disseration. Two factors appear to have possibly influenced her results: the assumed
frequency of capacity allocation updates, and the specific non linear formulation tested.

In Williamson's disseration, the precise frequency of bid price updates is not stated;
but since “reading days’ are discussed several timesin the description of the rolling horizon
simulation, apparently bid price updates did not occur more frequently than once each
simulated day. Belobaba[1989] found, as the frequency of updatesto bid prices or alloca-
tions approaches real time, the impact of nesting diminishes and eventually disappears
entirely. Thus, aslong as the model is solved frequently enough, it is not necessary to
include nesting in the mathematical formulation of the optimization model. A non-nested,
non-linear, stochastic formulation will produce the optimal solution even for the nested
problem, provided the result is updated often enough.

Recently, Talluri and Van Ryzin [1996] found that the particular Probabilistic Non
Linear Programming (PNLP) formulation which Williamson tested has poor theoretical
properties, since it will develop inconsistent bid prices depending on how finely demand is
disaggregated in the model input data. It's not clear whether the poor performance of nested
PLNP in Williamson's tests was due to this aggregation problem, or if it might simply be
due to the bid prices not having been updated frequently enough.

Alternative nonlinear, probabilistic revenue management formulations do exist,
however, which have good theoretical convergence properties. Recent research has focused
on the application of stochastic, dynamic programming techniques to the cal culation of
provably optimal bid prices (see Lee and Hersh [1993]; Papastavrou, Rajagopalan and
Kleywegt [1996]; Stone and Diamond [1992]). Such dynamic programming approaches
model the details of the booking process much more carefully than conventional math-

programming based approaches. Of course, the input data requirements are correspondingly
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increased, and processing all of this highly detailed information increases the required CPU
execution time well beyond what is required by conventional math-programming based
methods.

Talluri and Van Ryzin's[1996] paper also discusses the strengths and weaknesses of
the bid price control method in general, and presents several conditions under which bid
price controls might not lead to optimal decision making. However, they still conclude that a
bid price control schemeis“closeto being globally” optimal, and are continuing to research
improved methods for devel oping more accurate bid prices.

In spite of Williamson's [1992] computational results, it is generally accepted that a
non-nested, non-linear, stochastic formulation will dominate the performance of the linear
deterministic model, provided that an appropriate non linear formulation is used, and if the
bid prices are updated frequently enough.

Nevertheless, the deterministic model is arobust, simple and commonly accepted
approach used in alarge number of real world revenue management systems, including
Amtrak’s. Implementation of non linear, or stochastic, dynamic programming approaches for
the Train Segment Pricing problem would require concurrent improvements to railroad
demand forecasting capability, so both topics will be left to future researchers.

The linear formulation proposed by Williamson [1992] is not dissimilar to the model
proposed here for the railroad shipment routing problem. The primary difference is that
Williamson’s model is formulated in path variables, whereas the model proposed here uses a
link-node network structure. However, path-based formulations for similar freight
shipping problems have been proposed by other researchers, including White and Wrathall
[1970], Farvolden, Powell and Lustig [1993] and Kwon [1994].

Given Williamson’s computational results, this deterministic formulation does not

seem an unreasonable choice for a*“ starter” railroad yield management system. Aswell,
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the simpler linear formulation using deterministic booking limits offers the following practical

advantages:

1) Input data requirements for the demand forecast are less demanding since only the
expected value of flow, not the entire density function, must be forecast.

2) It is easier to understand and use, since users can specify train segment booking
limitsin easily understandable units of feet and tons, rather than having to guess to
calibrate a, with unpredictable results. The user interface is much friendlier.

3) The expected value formulation is numerically much easier to solve, yet provides a

comparable level of end user functionality.

By assuming a Poisson distribution of demand, it becomes a simple matter to relate
booking limits Bgto the physical segment capacity Cs. Consider the case where the maximum
physical segment capacity Cgis 2 units. If A = 0.9 carg/day, using the Poisson probabilities
shown in Table 3.2, the probability of exceeding capacity would be .0494 + .0134 or .0628. If
a = .05 were the level of tolerance, this would be considered a constraint violation. The
equivalent booking limit Bg can be found by solving the equation of the Poisson distribution

for the maximum A that will still satisfy the chance constraint:

2ek

k!

<0.95 (Solvefor )
k=0

The derived booking limit is Bg = .819, based on physical segment capacity Cs= 2
and maximum acceptable overflow probability a = .05. In apractical application amuch
higher o limit would probably be used, depending on the type of traffic offered and how
much “ postponable”’ or lower priority traffic is present in the traffic mix. For typical large Cg

greater than about 30 cars, Cswould approximately equal Bswhen a = .50. The impact of
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adjusting the overflow probabilities a and booking limits Bs will be experimentally assessed
in Section 5.7.

3.7  Limitationson the Scope of this Research

The current formulation models the availability of “slots’ on trains, predicting when
acar might be delivered at its destination. Destinations would be assigned to empty cars
using the current empty car distribution system. The extension to simultaneously determine
loaded shipment routing and empty car destinations will be left to a future researcher.

Given a planned train network, the model routes the cars and produces trip plans.
The model can be operated in “what if” mode to see what would happen if the operating
plan or train capacities were changed. Dual variable prices along with projected car flows
might be used as triggering mechanisms to guide heuristic search routines to look for the
most likely opportunities to improve the tactical operating plan. Any tactical plan modifica-
tion would be profitable if, when cars are reflowed over the revised network, the objective
function improvement exceeds the fixed cost of operating the additional trains.

However, just because a plan modification would be “profitable’ does not guarantee
that there are sufficient crews or power to operate all such trains. Any proposed modifica-
tions should be “ sanity tested” or constrained by the crew and locomotive management
systems to ensure they are feasible before presenting them as options to the car scheduling

process.

3.8 Requirementsfor Solution Algorithms
This Chapter outlined formulations for two related shipment routing problems.
These two problems are sufficiently distinct in inputs, required outputs and solution time

frame to justify different solution approaches, which will be presented in Chapter 4.
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. The “train segment pricing” model accepts a projection of future traffic which has
not, as yet, materialized. Since this algorithm works with expected values and not with
realizations of actual traffic, non integral flows predominate. Its primary focusisto
estimate dual prices for each train segment , which are used to determine appropriate
service commitments when the actual loads call in. This concept for scheduling delivery
appointment times is modeled after current motor carrier industry practice and imple-
ments a“bid price” revenue management approach. Under a standard bid price approach,

ashipment “k” should be accepted if there exists for at least one possible routing:

Revk > 2 Gj
Al links (i )
traversed

Beyond this, however, amodified shortest path algorithm is proposed in Section

4.2.1 to suggest the optimal  delivery appointment time for each shipment from the rail
carriers’ point of view. A feasible solution can be obtained using a Lagrangian heuristic,
but is only of secondary importance, calculated primarily to validate the quality of the
dual prices by establishing that these prices lead to atight upper bound.
. The “dynamic car scheduling” algorithm routesreal shipmentsin real time,
producing trip plans and instructions for classification of carsin yards. Since each ship-
ment already has atarget delivery time, this program’sjob is simply to develop a plan to
deliver all shipments by the agreed-upon time at minimum cost . An integral flow require-
ment must be satisfied because the application is for routing of real railroad cars which
cannot be split in half.

The two main requirements for dynamic car scheduling, then, are to consistently

produce a high quality solution and to maintain this solution current in real time. Unfor-

83



tunately, these two goals are in conflict. Provable, true optimality may not be a reasonable
design objective; but if the solutions are not optimal, at least they need to be defensible and as

good as a reasonable human decision maker might have made under the same circumstances.



CHAPTER 4

Solution Algorithms

4.1  Chapter Outline

Algorithms for solving both the train segment pricing and dynamic car scheduling
problems will be presented here. Both are based on a Lagrangian relaxation (LR) of train
capacity constraints which decouples the multicommodity network flow (MCNF) formu-
lation into a series of shortest path problems. Subgradient and dual adjustment ap-
proaches have been successful in other network modeling applications, particularly if the
goal isto quickly obtain a near optimal, near feasible solution. The most important reason
for using LR isthe size of practical problems. An LR-based algorithm avoids matrix
inversion, yet still develops an optimality bound so the duality gap can be measured. In
addition, integral flow requirementsin the dynamic car scheduling model cannot easily
be satisfied by linear programming-based methods; a true integer programming approach
such as LR must be used.

A standard subgradient step-size algorithm is used to solve the train segment
pricing problem. The problem is extremely large since all flows forecast for aweek or
more must be assigned to a space-time network. Substantial computational effort may be
required because every “modified” (see Section 4.2.1) shortest path subproblem isre-

solved at each iteration. Fortunately, this problem need not be solved in real time. No
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attempt is made to split flows over more than one route or to equilibrate alternative path
costs. This all-or-nothing assignment reduces degeneracy in the final solution (as discussed
by Powell [1989]) and improves the speed of the algorithm, but may leave a small duality
gap. The algorithm is readily adaptable to large scale parallel processing, so real-world
sized problems can almost certainly be solved in an acceptable time frame.

In contrast, the dynamic car scheduling problem must be solved in real time,
adapting the previous solution to keep it current any time new information is received. The
key to being able to accomplish this appears to be restricting the traffic to only the cars
currently moving on the railroad. As well as limiting the problem size, it reduces degen-
eracy in the optimal solution to a manageable level, making a dual adjustment solution
approach attainable. This functionality is very similar to what today's car scheduling
systems provide, with the added feature of taking train segment capacities into account.

By limiting adjustments only to price increases, only flows directly impacted by a
price increase must be reassigned. By avoiding the need for matrix inversion, and by
sharply limiting the need to recal culate shortest path subproblems, the goal isto develop a
robust, adaptive, real time control agorithm for dynamic railroad shipment routing.

Section 4.2 presents the LR used here and discusses some of its mathematical
properties. It also presents a solution algorithm for solving shortest path subproblems
resulting from this LR. Then Section 4.3 reviews mathematically-oriented literature in the
area of multicommodity network flows, Lagrangian relaxation, subgradient optimization
and dual ascent techniques.

Section 4.4 presents a deterministic dual adjustment algorithm for routing the cars
which are already on the railroad. The formal statement is given in Section 4.4.1, followed

by adiscussion of some of its properties and practical performance in Section 4.4.2.
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Section 4.5 presents a train segment pricing algorithm, based on a subgradient step size
procedure, for loading forecast demands on the train service network for 7-10 daysinto the
future. The algorithm isformally stated in Section 4.5.1. At each iteration, a

primal heuristic presented in Section 4.5.2 can be applied to produce a feasible solution and
allow measurement of the duality gap. A discussion of the convergence characteristics of

this algorithm and computational test results followsin Section 4.5.3.

4.2  Thelagrangian Relaxation
Introducing dual variables us< 0 for each train segment, train segment capacity
constraints in the Dynamic Car Scheduling problem (3.3.5) can be dualized, bringing them

into the objective function.
Max {Min 2 2 cjjKxjjK + Z ug(Cs - 2 ZxjjK )} (4.2.1)
KK (i,j)0A sOS kK (i,j)0Ag

subject to: “Conservation of Flow Constraints (3.3.3 and 3.3.4)”

This decouples the problem into independent pure shortest path problems for each
commodity “k”. Since network problems always have integral solutions, the integral flow

constraint (3.3.6) is then satisfied automatically. Applying the definition of q)ijk:

hijK = cijk - = ug
SDSiJ‘

equation 4.2.1 can be reorganized as.

Max § Min 2 2 ¢jjkxjik + 2 ug Cs  } (4.2.2)

KK (ij)0A sOS
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The interpretation of the “Max { Min” notation of (4.2.2) isasfollows. Firgt, fix a
set of values for the dual variables us. Solve for “k” independent shortest paths as cost
minimization problems. After each iteration, adjust the values of ugin such amanner asto
maximize the expression given inside the braces. This result will give alower bound on
the value of the optimal objective function to the original cost minimizing problem.

For the Train Segment Pricing (TSP) problem, the relaxation is very similar, except
that Bsis used in the Pricing model in place of Cg, and because the TSP isfor profit
maximization, the dual variables us > 0 and the order of the “Max { Min” isreversed. The
result will give an upper bound on the value of the optimal objective function to the

original profit maximizing problem. The lagrangian relaxation for the TSP problem is:

Min § Max 2 2 ¢jjkxiik + 2 ug Bs } (4.2.3)

kK (i,j)0A sOS

A Lagrangian relaxation has Geoffrion ‘s [1974] “integrality” property if, after the
complicating constraints have been relaxed, the subproblems naturally have all integer
solutions. Thisistrue here. Geoffrion showed that if a Lagrangian relaxation has this
property, the LR bound can be no better than the linear program (LP) bound.

A number of successful relaxations having the “integrality” property are reported
in the literature. These include the classical solution to the Traveling Saleman problem by
Held and Karp [1970] [1971], work on the set covering problem by Etcheberry [1977],
and the database |ocation problem by Fisher and Hochbaum [1980]. The solution to the
Traveling Salesman problem by Held and Karp [1970] is successful because the LP solu-
tion gives atight bound on the I P objective function, and the LR is much faster to solve
than the LP. In many cases the LP has an exact integer solution, and in these cases the

Lagrangian relaxation will converge to the optimum; otherwise, Held and Karp show that
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any duality gap corresponds to the possible existence of nonintegral extreme points. Held
and Karp's second paper [1971] does not change the relaxation but proposes a faster
subgradient search procedure for the optimal dual values. Held and Karp show how this
relaxation can drastically reduce the size of branch and bound trees.

Fisher [1981] reports that Lagrangian Relaxations with the integrality property can
be successful when:
. The LP closely approximates the original integer problem or
. The method used to optimize the dual problem (usually the subgradient method) is
more powerful than methods for solving the (generally large) LP relaxation of the original

problem.

Fisher and Hochbaum [1980] show that both conditions do not necessarily have to
be met if the plan isto embed the Lagrangian Relaxation inside a branch and bound algo-
rithm. While tighter bounds are always desirable in order to fathom branches sooner, a
Lagrangian Relaxation may still produce considerable performance improvement if only it
runs faster than the original LP. A branch and bound algorithm would still build the same
tree asit would using a standard L P approach, only it would do so much faster using
Lagrangian relaxation to solve the subproblems. This appears to be the strategy in Fisher
and Hochbaum [1980]. A Lagrangian relaxation having the integrality property may not
initially produce a very tight bound, however that bound will tighten and approach the
optimal value as branching proceeds.

Since branch and bound will not be utilized here, atight bound is necessary, how-
ever, Nozick [1992] solved a closely-related network problem as alinear program, and
simply by applying arounding heuristic to generate feasible integer solutions, was able to
obtain tight bounds compared to the original LP solution (within approximately 1%) . This

result suggests that the LP bound will in fact give a reasonably tight bound on the optimal
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integer solution. Further, duality gaps of less than 1% have been quickly attained in computa-
tional tests of the subgradient algorithm on this problem. Due to complicating side con-
straints, the LPisvery large and difficult to solve, but shortest path subproblems can be

solved very quickly. Both of Fisher’s conditions for a successful relaxation are met here.

4.2.1 Shortest Path Subproblemswith Gains

Shortest path subproblemsin the dynamic car scheduling application are solved by a
dynamic programming approach. A customized “ bucket-sorting” algorithm specialized for
acyclic networks will be proposed in Sections 4.2.3 and 4.2.4. A slight modification isre-
quired in the last stage of the normal shortest path recursion to handle gain coefficients
present in the Train Segment Pricing model. The reservations center would utilize this modi-
fied shortest path algorithm on a stand-alone basis to determine service offers for new ship-
ments calling in. The remainder of this section will describe the required modifications to

implement the Train Segment Pricing algorithm.

Figure4.1: Modified Shortest Path
Subproblem for Commodity " k"

Release Time

Rev =Rqk with
Probability = P

Best Possible
Transit Time

Rev = Ry with
Probability = Py

Probability = P
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Before considering algorithms for the overall Pricing problem, it might be useful to
first consider how the subproblems can be solved, given a set of dual prices ugfor each train
route segment, as shown in Figure 4.1. The shipment starts at origin node “O” and needsto
move to any of the termination nodes T1k, Tok or T3k. These termination nodes all corre-
spond to the same physical destination, but having deliveries at different times.

Revenues Rnk and costs Cnk will be treated separately here, even though they are
combined into a single cost coefficient ¢j jk in the formal definition of the problem. Depend-
ing on which delivery timeis offered, a different price Rnk might apply, and the customer
may have a different probability of accepting the service offer, Pnk. The cost to move to
delivery node “n” is Ck. The Pk probabilities are input data; they can be calculated ahead of
time because they depend only on the delivery time and not on the path used. The carrier

wishes to determine which delivery offer will maximize expected profit NMpk = Pnk ( Rk -

an) .

This problem can be solved as follows:

1) Thefirst step isto adjust the original link costs cijk by adding dual pricesus for
train segments spanned by each link (i,j). The shortest path calculation can alway

S be based on adjusted link costs ¢ijk. The validity of this equation is established by
equation 3.5.9 of the dual formulation.

2) Starting at the origin node, find the shortest paths to each termination node n LT .
Determine the costs of reaching each node as Cnk. Thisis done using a normal
shortest path calculation.

3) Calculate expected profit 'k of moving via shortest path to each node n L] Ty as:

I_lnk= Prk ( Rnk - Cnk)
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where Py is the probability the customer accepts the transit time quotation for
shipment “Kk” if the service offer isfor delivery at node “n”, and R isthe
associated revenue. Thisis verified by equation 3.5.11 of the dual formulation.

4) Select the optimal node n* as argmax (k). The optimal routing of this flow isthe
set of linksk [J { Links on the shortest path from origin to node n* }. The
optimal objective function value for thisflow is [N+ . If al N’'s are negative,
the load should be rejected outright. Thisis verified by equation 3.5.5 of the dual

formulation, and the related discussion.

This calculation is performed by examining all possible delivery nodes for each car.
This replaces the last stage of the regular dynamic programming recursion, requiring practi-

cally no additional computational effort.

4.2.2 Shortest Path Literature Review

The acyclic structure of the space-time network creates an opportunity to use a
highly specialized and efficient version of the shortest path algorithm. Also, since the
shortest path routine will be called repetitively, further efficiencies can be gained through
preprocessing the network and storing certain information — the “ stage number” of each
node — in advance. The following presents a brief review of shortest path literature, fol-
lowed by a description of the customized shortest path algorithm used in this dissertation.

Dijkstra[1959] proposed his famous algorithm for finding shortest path treesin
cyclic networks. It isa“label setting” procedure, based on the idea of adding one link onto
the shortest path tree at atime, aways starting at the node having least distance from the

root node. Pape [1974] compares algorithms by Moore and D’ Esopo, claiming these more
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efficient than Dijkstra's, although no complexity analysisis given. Pape's paper discusses
implementation details using circular and linked lists.

Frederickson [1987] gives avery complex algorithm that subdivides networks into
smaller parts and has aworst case complexity of O(n (log n)Y/2) time, compared to n2 for
Dijkstra's algorithm. However, that algorithm does not exploit the advantages inherent in
an acyclic network.

Florian, Nguyen and Pallottino [1981] describe an agorithm for updating a previ-
ously computed shortest path tree, if it is desired to switch to a new root node: these con-
cepts have potential application here. They give the worst-case complexity of this algo-
rithm as O(n2), the same as Dijkstra’'s. Thisworst case analysis might be misleading
however, since if the new root node is “nearby,” only afew iterations on average should be
required to update the tree.

Dial, Glover, Karney and Klingman [1979] delve into many implementation details,
which proved especially helpful in designing the shortest path algorithm used here. They
describe the “ Dijkstra Address Calculation Sort” (also known as a “bucket sort”) where an
array of size (Imax + 1) stores pointers to linked lists of nodes filed according to their
temporary node potentials. All nodesin a*“bucket” have the same potential, so information
can be both filed and retrieved without searching.

Divoky and Hung [1990] study the performance of shortest path algorithms when
they are embedded as subproblemsin large scale network optimizations. In the context of
the minimum cost flow problem, Divoky and Hung's concern seemsto be that some
decomposition techniques will create links with zero cost, leading to degeneracy in the
shortest path subproblems, adversely affecting the performance of the shortest path algo-
rithms. The formulation proposed here will not create zero cost links anyway, since all

costs start out positive and negative dual variables are not allowed. They found that bucket-
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sorting algorithms, such as the one used in this dissertation, tend to perform best in embedded
applications.

The above are all genera-purpose shortest path algorithms. An even more efficient
approach customized for acyclic shortest paths has been implemented along the lines suggested

by Bradley, Hax and Magnanti [1977]. The algorithm proceeds in two steps:

. First, each node is assigned a“ stage,” the maximum number of links depth from some
“root” node, which depends only on network topology and not on link costs. The stage numbers
can be computed once, ahead of time, and stored.

. Then the shortest path can be computed by visiting each node in the fixed sequence

defined in the first step without ever having to repeat the stage number assignment.

Since the stage number is always integral, its use is directly compatible with the bucket
sorting approach. For a cyclic network, Dijkstra’s address cal culation sort requires that all link
lengths be integral. However, for an acyclic network, the stage number can be used in lieu of
cumulative distance to determine the sequence in which nodes are visited. Link lengths can be

any positive real number, since the visitation order doesn’t depend on link lengths.

4.2.3 Determining “ Stage” or Depth of Each Node

Define:

sn = The current stage number being processed
SN =The maximum stage number

n = The current node number

stgn = The stage number assigned to node n

fsn = The set of nodes contained in the forward star of node n
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f = A specific node in the forward star, f [ fs,
Psn = The set of pending node numbers for stage “sn”

The “forward star of node n” isthe set of nodes which are directly reachable by
traversing any single link originating at node “n.”

Step 1.
Psn= 0 foralsn< SN.
sn=0.

Step 2:

For each node N having no incoming links, do:
stgn = 0.
Po=Po O{n}.

Step 3.
For each node n L1 Psn , do:
For each nodef [ fsn do
If node number f appearsin Ps but hasn’t been
processed yet, remove it to avoid redundant work.
Sigf =sn+ 1.
Psn+1 = Psn+1 O{f}.

Remove node N from Pan.

Step 4.
If Psn= 0 thensn=sn+ 1.

If still Psn= [J thenend else go to Step 3.

95



4.2.4 Determination of Shortest Paths

Define:

sn = The current stage number being processed
SN =The maximum stage number

n = The current node number

stgn = The stage number assigned to node n

cost, = The cost assigned to node n

pred, = The predecessor of noden

fsn = The set of nodes contained in the forward star of node n
f = A specific nodein the forward star, f [ fs

Psy  =Theset of pending node numbers for stage “sn”

Cijk = Cost of car k L] K moving over link (i,j) [ A.

Step 1.
Psh= 0 foral sn<SN.
costp =00 foral n JN.

Set the current node N to the origin of the shipment to be routed.
For each nodef O fgn do:

Pstgf = Pstgf O{f}.

cost; = costy, + CnfK.

preds = n.

sn=stgn + 1.
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Step 2:
For each node n [J Psn, do:
For each nodef O fSn, do:
Pstgr = Pstgr 0 { f}. (Unless f [J Pgtgs already )
If costs > costp + CnfK then:
cost; = costy, + CnfK.
preds = n.

Remove node N from Psn.

Step 3.
If Psn= [0 thensn=sn+ 1.

If sn > SN then end else go to Step 2.

4.3  Mathematical Programming Literature Review

At least five distinct approaches to the general multicommodity network flow
problem are reported in the literature: specialized simplex methods, heuristic approaches,
interior point methods, nonlinear penalty/barrier function methods, and subgradient
optimization. Kennington [1978] and Assad [1978] survey some of the earlier literature
on this subject.

It iswell known that the “network simplex” algorithm maintains atriangular basis
which requires only back substitution, not matrix inversion to solve. The specialized
simplex based multicommodity algorithms cannot entirely avoid the need to perform
matrix inversion, but they try to minimize it by partitioning the matrix into network-
structured and non network-structured components.

Hu [1963] gives an adaptation of the Out-of-Kilter algorithm (see Barr, Glover,

and Klingman [1974]) to a multicommodity network flow problem. Some examples of
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specialized simplex algorithms include the approaches of Grigoriadis and White [1972],
Elam, Glover and Klingman [1979], Glover and Klingman [1981], Chen and Saigal
[1977], Chen and Engquist [1986], Hartman and Lasdon [1972], Brown and McBride
[1984], McBride [1985], McBride and Mamer [1993], and Farvolden, Powell and Lustig
[1993].

McBride's approach [1985] is generalized to handle any kind of a network sub-
problem with complicating side constraints. Network datais represented in standard link-
node form. Hisimplementation incorporates a network simplex approach for solving
subproblems without requiring inversion, carefully linked into a standard simplex algo-
rithm which handles the side constraints. Thus the size of the matrix which must be
inverted is limited to the side constraints.

McBride and Mamer [1993] built aprimal allocation heuristic to “jump start” the
network simplex at a near optimal solution, further reducing execution time. This heuristic
creates an allocation of capacity to each link proportional to the resources used by that link
in atrial solution with all capacity constraints relaxed. He reports that the “ heuristic is not
only fast, but obtains very good solutions’ and is apparently often used on a stand-alone
basis. This heuristic works well for the manufacturing logistics problems McBride has
been solving, but it is not clear if it would transfer to the car scheduling problem. Propor-
tional capacity allocation would create many non-integral flows.

Barnhart and Sheffi [1993] propose a heuristic solution to a shipment routing
problem in the LTL trucking industry which isvery similar to the railroad freight car
scheduling problem posed here. Each shipment is a separate commodity, moving over a
time space network where the side constraints represent truck capacities. Barnhart's

heuristic uses alink-node formulation, like McBride's, but it may terminate without fully
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solving the problem; also it apparently works best when network capacity far exceeds the
amount required.

Farvolden’s approach (see Farvolden, Powell and Lustig [1993]) solves the same
trucking shipment routing problem as Barnhart’s, but using aradically different method.
First, Farvolden's approach is a systematic modification of the smplex method designed to
produce an optimal linear programming solution, it is not a heuristic. Second, Farvolden
reformul ates the problem into a path-based formulation. Although Farvolden’'s algorithm
does not incorporate network simplex, partitioning still allows specialization of pivot
operations to gain efficiency. In most cases pivots can be completed without matrix inver-
sion.

Farvolden (see Jones, Lustig, Farvolden and Powell [1993]) argues that her path
based approach is so efficient that it can be used to solve general multicommodity flow
problems, not just shipment routing problems. She proposes that general MCNF problems
be decomposed into individual O-D pair flows, which are then solved quicker by her
algorithm than using Dantzig-Wolfe decomposition with a network simplex algorithm.

Kwon [1994] outlines arailroad freight car scheduling problem similar to the one
proposed here, formulated in path variables rather than link-node. He applies a standard
column generation approach, similar to but less sophisticated than Farvolden’s. Kwon has
reported solution times of approximately 20 minutes for a small test problem, which still
leaves considerable room for improvement.

Both McBride and Farvolden compare their algorithms’ performance with that of
the interior point code OB-1 (see Marsten, Subramanian, Lustig and Shanno [1990]).
Although OB-1 clearly outperforms the standard simplex algorithm, both McBride and
Farvolden argue that their customized codes compare favorably with OB-1 performance.

McBride finds that “the purely interior point algorithms are less able to exploit sparsity and
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therefore take considerably more space.” Farvolden’s PPLP code “ solved problems of the
LTL data set up to 50 times faster than the OB-1 solution and problems of the second data
set up to 64 times faster.”

Nagamochi and Ibaraki [1989] establish sufficient, but not necessary conditions
under which MCNF problems will have integral flows. 1n[1990] they define aclass CB
(capacity balanced networks) of planar directed networks, where K is the number of com-
modities and |V| is the number of nodes. A network in CB satisfies the following condi-
tions: (1) The graph isdirected, planar and acyclic. (2) All nodes without entering arcs
and all nodes without outgoing arcs are located on the boundary of the outer face of the
graph. (3) Each commodity has exactly one source and one sink, where the sink is located
on the boundary. (4) Each node is capacity balanced. It is shown that this class of net-
works has the integral flow property. They give an example of a multi-item, multi-stage
production scheduling problem which can be easily transformed into a class CB network
through addition of some fictitious flows.

Nagamochi and Ibaraki’s research does not focus on solution algorithms but rather
states some general mathematical conditions under which integral solutionsto MCNF
problems can be expected. While this research cannot be immediately applied to the dy-
namic car scheduling problem, future theoretical developments along these lines should be
watched closely to seeif they might be applicable.

Linear programming (L P) approaches can be used to solve integer programs,
particularly where the LP solution is expected to be integral or near integral. 1f some
fractional variable is encountered, branch and bound can be used until an integral solution
isobtained. Miliotis[1976] proposes a L P solution to the traveling salesman problem,
adding anticycling constraints on an exception basis only when needed and using branch-

and-bound to eliminate fractional variables. Schrage [1975] proposes an LP solution to
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variable upper bound problems such as the P-median, using a specialized simplex approach
along with branch-and-bound. Using this type of approach, perhaps the integer MCNF
problem (with alinear objective function) could be solved by embedding Farvolden’s
algorithm inside branch and bound. Many newer branch and bound applications are reported
in the literature, but state-of-the-art research is more often based on Lagrangian rather than
L P relaxations because these generally give tighter bounds and more rapid convergence.

Pinar and Zenios [1993] use a penalty function to eliminate non-network constraints
from the MCNF problem. This approach converts alinear network problem with side
constraints into a nonseparable nonlinear network problem without side constraints. This
nonlinear problem is solved using a simplical decomposition agorithm which induces
separability in the objective function. The penalty function approach has much in common
with Lagrangian Relaxation, since both attempt to “price off” excess flows. Penalty func-
tions are clearly the method of choice for MCNF problems with nonlinear costs, athough
linear costs can be handled aswell. In closely related research, Schultz and Meyer [1991]
propose a barrier-type algorithm.

Shapiro [1977] compares three methods for solving standard network optimization
problems: out-of-kilter, primal-dual and subgradient optimization, but does not discuss the
multicommodity case.

There are at least four references in the literature to subgradient methods applied to
generalized network problems. Kennington and Shalaby [1977] utilize subgradient search
to develop a resource-directive decomposition heuristic technique for obtaining good solu-
tions to large multicommodity network cost minimization problems. The lower bound

on optimality is taken from the solution to the unconstrained version of the problem, but
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apparently there is no attempt to tighten or update this lower bound as the algorithm
proceeds. Itisnot alLagrangian relaxation based method and does not enforce an integral
flow requirement.

Ali, Kennington and Shetty [1988] worked on a single commodity network prob-
lem with complicating side constraints requiring equal flows on certain links. Further-
more they required integral flows on all links. By relaxing the side constraints they obtain
single commodity network subproblems. The Lagrangian problem is solved using a
standard subgradient procedure. They report obtaining tight bounds very quickly in spite
of the fact their relaxation has the integrality property. They remark that the subgradient
technique “is best suited for areal-world situation in which one must quickly produce
near-feasible, near-optimal solutions.”

Bertsekas and Tseng [1988] apply Lagrangian relaxation to standard single com-
modity network flow problems, with and without gains. They dualize the conservation of
flow constraints and then use what amounts to a dual adjustment method to find optimal
multipliers. Their method includes “Flow Augmentation” and “Price Adjustment” phases
which are similar to methods proposed here for the car scheduling problem. The algo-
rithm terminates when complementary slackness conditions are satisfied. Their relaxation
obviously possesses the integrality property, but this poses no difficulty, since the solution
to network problems with integer demands and capacities is also guaranteed to be inte-
gral.

The key to their successisthat “the ascent directions used . . . lead to comparable
improvement per iteration as the direction of maximal rate of ascent but can be computed
with considerably less overhead.” They report speedup factors of an order of magnitude
over the fastest primal-dual codes available in 1985, this speedup factor increasing with

problem size.
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Bertsekas and Tseng [1988] (pg. 111) report a practical advantage of using relax-
ation methods:

For example, suppose we solve a problem and then modify it (by changing afew arc
capacities and/or node supplies). To solve the modified problem using the relaxation method, we
use as starting node prices the prices obtained from the earlier solution, and change the arc flows
that violate the new capacity constraints to their new capacity bounds. Typically, this starting
solution is close to optimal, and solution of the modified problem is extremely fast. By contrast,
to solve the modified problem using primal simplex, one must provide a starting basis.

The basis obtained from the earlier solution will typically not be a basis for the modified

problem. Asaresult, anew starting basis must be constructed, and there are no simple waysto
choose this basis to be nearly optimal.

Thus once an initia solution has been obtained, a relaxation-based algorithm can
quickly “bootstrap” itself from one solution to the next as status updates are reported.

Bryson [1991] analyzes the case of a single commodity network flow problem
with a complicating “knapsack” side constraint, and the requirement that all flows must be
integral. The problem is solved using a subgradient algorithm to obtain a*good” initial
solution, then adual simplex pivoting method is used to reach the final solution. Bryson's
algorithm must be embedded into a branch and bound program to ensure optimality since
the relaxation used has the integrality property, and the additional side constraint would
almost certainly introduce fractional flows into the optimal LP solution.

Held, Wolfe and Crowder [1974] establish a convergence guarantee on the
subgradient procedure, so that the subgradient procedure can often find a stronger lower
bound than dual adjustment techniques which may not always converge to the optimum.
However, the convergence of the subgradient approach can also slow down as the opti-
mum is approached, at thistime it may become more beneficial to switch over to another
method such as a dual adjustment heuristic.

Thisis consistent with the findings of Etcheberry [1977] who reports that, in a set

covering problem, the subgradient method was faster than linear programming unless a
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very high accuracy isrequired. Thisiscompatible with the ultimate requirements for areal
time process control system, whereit is very important to get a good solution quickly,
rather than to solve the problem optimally but outside the required system response time.
Etcheberry continues that “the nature of the subgradient optimization algorithm eliminates
the necessity of periodic reinversions or similar techniques (no numerical errors, no eta
vectors, etc.) Anticycling procedures are not needed either. .. the previous results and
considerations lead us to the conclusion that a subgradient iteration takes much less compu-
tational effort than a pivot iteration. (A subgradient optimization algorithm should also use
less computer memory than an LP agorithm.)”

In some instances, such as Rosenwein [1986], the subgradient method is used first
to get an approximate solution quickly, then a customized dual adjustment is used to “fine
tune’ the subgradient solution. In other cases, such as Kedia[1985], dual adjustment is
used first, followed by the subgradient procedure to converge on the optimum. Dual adjust-
ment heuristics tend to modify only one or afew variables at atime so that additional
branch-and-bound nodes can be fathomed very quickly; a subgradient iteration may require
more time than a dual adjustment procedure, but produce a better bound, and fathom nodes
more quickly. The best choice of algorithm is highly problem specific.

Ryu [1993] applied Lagrangian relaxation to produce tight gaps in the Capacitated
Plant L ocation Problem, Multi-Item Capacitated Lot Sizing Problem, Dynamic Production
Scheduling Problem and Multilayer Plant Location Problem. Chgjakis[1993] worked on a
set of related problems in job shop scheduling, vehicle routing and forest management. His
research is primarily concerned with the application of Lagrangian Substitution in the case
where the integer subproblems have no specific structure but, nonetheless, yield very
strong bounds. These subproblems are solved in reasonable time using a variety of stan-

dard approaches including “lifting” and double-contracting branching priorities. Ryu
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and Chajakis establish that Lagrangian relaxation can be successful even if the subprob-
lems do not possess any special structure, provided the subproblem bounds are strong
enough. It is then worthwhile to solve the subproblems even if a general purpose branch
and bound solver must be used.

In contrast, this research will show that Lagrangian relaxation can be successful
even for relatively weak relaxations possessing the integrality property, provided highly
specialized algorithms can solve the subproblems quickly enough, and if the ultimate

solution is expected to be integral or near-integral.

4.4 A Dual Adjustment Procedurefor Dynamic Car Scheduling

The Dynamic Car Scheduling algorithm is intended for real time routing of all
shipments currently moving on the railroad. The process maintains a feasible and near-
optimal set of freight car schedules, both satisfying integral flow constraints and respect-
ing train segment capacity limits.

Sincethisisareal time process control application, rapid system response time
isakey design consideration. Yet, it is still important to obtain a good solution — one
with atight duality gap — without having to take the time to utilize branch and bound to
prove optimality in every case. Instead of branch and bound, a dual adjustment process
will be proposed, as an adaptation of the successful approach to the Generalized Assign-
ment Problem (GAP) by Fisher, Jaikumar and Van Wassenhove [1986]. The GAP asks
what is the best way to assign “n” jobsto “m” servers, subject to knapsack constraints
on each server. If one considersfreight carsas“jobs’ and trains as “ servers’, then this
analogy between the GAP and railroad car scheduling problem makes sense.

This research extends Fisher’s algorithm to Multi Commodity Network Flow
problems. Previously, Kedia[1985] also extended Fisher’'s GAP dual adjustment ap-

proach to set partitioning, set packing and set covering problems, and to avehicle
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routing/scheduling problem. Guignard and Rosenwein (see Rosenwein [1986], Guignard
and Rosenwein [1989a],[1989b]) further extended Fisher’s GAP approach by refining
branching priorities, utilizing a subgradient method to strengthen the root node lower
bound, adding a surrogate constraint to the subproblems to strengthen the bound, and
devising aprimal heuristic to aid in fathoming branches and reducing memory require-
ments. Later, Rosenwein [1991] applied Lagrangean decomposition in asimilar manner to
strengthen bounds in the constrained assignment problem.

The goal hereisto develop a set of dual adjustment rules which consistently
produce atight gap and an intuitively satisfactory solution when the algorithm is operated
on a“one shot” basis: that is, rapidly drive excess flows off overcapacity links and stop.
Etcheberry [1977] suggests such rules should be simple and fast, going for fast execution
per iteration even if it means more iterations overall. Keeping the rules simple has obvi-
ous advantages for the supportability and maintainability of computer code, as well.

A complicating factor for the design of this algorithm is coping with the degen-
eracy which tends to be present in the Multi Commodity Network Flow formulation of
this problem. Powell [1989] discusses the phenomenon of degeneracy in linear network
problems and the fact that such problems might have many alternative primal optimal
solutions. Wardrop’s[1952] principles of traffic equilibrium state that in any optimal
solution, the cost of all utilized routes between the same origin and destination must be
equal, and less than or equal to the cost of any unutilized route. Fukushima[1984]
showed, using the Kuhn-Tucker conditions, that this amounts to the same thing as LP
complementary slackness. For linear problems, Wardrop's requirement that costs be
equilibrated on any utilized route implies a degenerate solution for any flows which must

be split over more than one path
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This degeneracy, however, also extends to the dual problem. Powell showed that
the dual variables are only subgradients, not gradients of the objective function. This
means from time to time any dual algorithm will face a“cost allocation” decision —
which will have to be decided using seemingly arbitrary “tie breaking” rules such as
allocating all the cost increase to the upstream segment. Degeneracy isaconcernin LP-
type algorithms because it can lead to nonimproving pivots and large increases in execu-
tion time. Degeneracy’s effect on the dua heuristic presented here is even more pro-
found — if not effectively dealt with, degeneracy can cause the heuristic to enter an
infinite loop, or to continue to make progress, but at an arbitrarily slow rate.

To counteract this looping tendency, the concept of a“tabu search” was adapted
from the artificial intelligence literature. For each flow, alist of previously-tried satu-
rated train segments is maintained. In diversion cost calculations, the flow is prevented
from returning to any segments from which it had been previously been diverted. How-
ever, after link costs are adjusted, actual flow assignment is still performed on atrue
shortest-path basis. This tabu search approach provides a positive anti-cycling mecha

nism, but the resulting flow assignments still generally produce atight duality gap.

441 Mathematical Propertiesof the Dual Adjustment Procedure

Ignoring for a moment complications introduced by degeneracy, the following
givesasimplified overview of the Dynamic Car Scheduling agorithm:
. Initially, all dual variables are set to zero, and shipments are assigned onto the
train network on a shortest path basis. This assignment will likely produce some over
capacity train segments.
. Overcapacity segments are processed one at atime starting with the segments
latest in time to “sweep up,” or earliest in time to “sweep down.” For each overcapacity

segment “s” and each shipment “k” utilizing “s”, the diversion cost 3¢ is calculated by
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blocking segment “s”, recal culating the shortest path for each shipment, and taking the
difference between revised and original path costs. Shipments assigned to each overcapacity
segment are then rank ordered from lowest to highest diversion cost ¢<.
. Usually, the algorithm tries to reroute all excess cars, restoring feasibility to the
segment’s traffic assignment. In some cases, due to interaction with other overcapacity
segments, the program may choose to divert fewer cars. Once the algorithm has determined
how many carsto divert, the required dual variable increase, Aus, is easily found. To divert
“k*” cars, the required dual variable increase is the diversion cost of the k*’th car, Aug= 5&K*
determined by counting down the sorted list of shipments.

This positively drives off the segment any shipments having a diversion cost 8 <
Aus, and produces an equal-cost diversion option for the k*’th shipment. This allows the
k*’th shipment to be split, if necessary to exactly match the available capacity of segment
“s” while rerouting the remaining cars to another path.

Recalling equation 4.2.2, we have alower bound on the optimal objective function:

Zpy=Max §{ Min 2 2 ¢jjkxjik + 2 us Cs } (4.2.2)
KK (ij)0A sOS

where:

Cs = Capacity of train segment s [J S, in cars.

Us = Dual variable associated with segment s [J S.

Xijk = Flow volumeon link (i,j) LJ A for commodity k [J K. Inthe
following discussion, without aloss of generality, each individual
railcar comprises a single shipment, so Xijk 0 {0,1}

Cijk = Actual cost of car k [J K moving over link (i,j) LI A.
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$ijK = Adjusted cost of car k 0 K moving over link (i,j) O A.

0ijK = CijK + 2 us for all links (i,j) 0 A.
s U Sjj

If over capacity segment “v” (for “violated”) has been identified, v L S, the dual
variable uy isincreased by Auy such that remaining flow after diversion exactly matches

segment capacity, thus:

2 2 xjjK =Cy (After Auy, applied) (4.4.1)
k K (i,j)DAV

Only one segment at atimeis adjusted, thus for all links (i,j) L A:

0ijK@efore) = $ijKarten ij) OAy (4.4.2)
and
0ijK(getore) + Aty = difKeattey () 0 Ay (4.4.3)

where Ay = The set of arcs (i,j) spanning segment v [1 S.
Our objective will be to show that increasing the dual variable in this manner will
cause the lower bound will improve, under certain conditions. Define the improvement

in the lower bound as;

A Zpy = Zpu (after) - ZDU (Before) (4.4.4)

Define the diversion cost for shipment “k” diverted from segment “v” as &K, as
before, where the adjusted cost q)ijk(Less“v”) of al links(i,j) U Ay istemporarily reset to

infinity. The adjusted cost of other links (i,j) [J Ay are not touched, therefore, asin
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equation 4.4.2, $ijKes vy = dijK@etore) = dijKarter for (i) DAL

Ok= 2 ((I)ijk(Less“v") Xijk(After)' ¢ijk(Before) Xijk(Before)) (4.4.5)
(i.)HOA

Define the set of shipments utilizing segment “v” asKy C K where:

Partition Ky into two disjoint subsets based on & K:
Kvl=k O{Ky|ak<au}, Ky2=k O{Ky]|ak=auy}

Any shipment k [J K1 having &K <auy will be positively driven off of segment
“v” and any associated links Ay.. However, since segment “v” isthe only segment which has

had its cost adjusted thisiteration, it will be true that:

q)ijk(Before) = ¢ijk(After) k LKL (4.4.0)

Any shipment k [J Ky2having &K= Auy will remain onits original path, thus:

XijKgefore) = XijK(aften) k UKy2 (4.4.7)

Substituting identities (4.4.6) and (4.4.7) into the definition of AZpy gives:

0Zpy = 2 2 OifKaren XijKerorg + 2 2 dijK@etore) XijKatten
KK 2 (ij)0A K K y1(ij)0A

- 2 ugaiey Cs - 2 2 0ijK(efore) XijK(Before)
sOS kK 2 (i,j)0A

-2 Z(I)ijk(Before) Xijk(Before) + 2 Ug(Before) Cs
kK 1 (ij)0A sOS
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Reorganizing terms:

Azpy = 2 2 ( 0ijKaften ‘¢ijk(Before)) XijK gefore

KK 2 (i j)0A

+2 2 ¢ijk(Before) ( Xijk(After)‘Xijk(Before))

KK v (ij)0A

-2 ( Ug(After) ~ us(Before)) Cs (4.4.8)
sOS

Examining the first term of (4.4.8), recall that:

0ijKgetore) = DijK(aften (4.4.2)

everywhere except where (i,j) [ Ay, then:

q)ijk(After) - ¢ijk(Before) = Auy (4.4.3)

So all terms of the summation cancel out except where (i,j) LI Ay, leaving:

2 2 Auy Xijk(Before)

KK 2 (i,))0Ay

If all the excess cars are diverted, without “overcorrecting” by diverting too many
cars, then remaining flow after diversion will exactly match segment capacity and identity

(4.4.1) can be applied. Thisfirst term then further reducesto smply:
+ AUV CV

The second term of (4.4.8) includes only those flows which are diverted off the

overcapacity segment “v”, k [ { Ky | 8K <auy }, for this subset ¢ijX(Before) = 0ijK(After)
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holds, so the definition of diversion cost &/ given in (4.4.5) can be applied. The second

term reduces to:

2 QK

k K 1

Examining the third, and final term of (4.4.8), the only dual variable which has
been adjusted is the one which pertains to segment “v”, so all the other terms of the

summation cancel out. The third term reduces to:

- Auy CV

Reassembling the three terms, the first and third term of (4.4.8) cancel out, giving:

AZpy = 2 OVK (4.4.9)
k O{ Ky|ak<au}

Define the actual flow assigned to segment s LI S;

Fs= Z 2Zxij (aten (4.4.10)

kK (ij)0A

Then, more generaly, if F, # C,, (condition 4.4.1 doesnot haveto hold true):

AZpy = 2 OVK + Auy (Fy-Cy) (4.4.11)
k O{ Ky|ak<au}

Asdiversion cost &/Kisdefined in (4.4.5), it must be a nonnegative number,
assuming all the shipments are correctly assigned to their true shortest paths to begin with.

If Fy = Cy and Auy > 0,this establishes the proposition that applying the dual adjustment
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rule will produce a monotonic improvement in the lower bound, under the following
conditions:

1. At least one 8, > 0 resulting in Auy = 8,X* > 0; it must not be a
“degenerate” or zero cost diversion to an alternate optimal path. A
diversion having a,X = 0 might improve primal feasibility, but will not
improve the lower bound.

2. The lower bound will be improved so long as

Fy= 2 2ZxijK = Cy (After Auy applied)  (4.4.12)
KK y (i))0A,

if Auy is*“overcorrected” and too many cars are driven off ,the
lower bound will be reduced by auy, for each car by which F, < C,,.
Since necessarily Auy > &K for every diverted flow “Kk”, the net
impact of “overcorrection” on the lower bound must be negative.

3. All the shipments must have been correctly assigned on a shortest path
basis to begin with, and this shortest path assignment must be maintained
at the conclusion of every iteration. Otherwise, the diversion cost
calculation might yield a negative cost. Besides, it is arequirement of the
Lagrangian Relaxation lower bound calculation that all shortest path
subproblems must be solved to optimality upon the conclusion of every

iteration.

Asapractical matter, the Dynamic Car Scheduling algorithm gains efficiency by
reprocessing flows on an exception basis rather than having to re-calcul ate every shortest

path subproblem at each iteration. By limiting cost adjustments Auy, to increases only and
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never reducing dual prices, only flows currently assigned onto the current overcapacity
segment “v”, and having a diversion cost &K <Au, must be reexamined to satisfy condi-
tion (3). These flows are identified at the same time the dual price increase Auy is found.
Thisis because an increase to alink’s cost can never attract flow not already on the link; it
can only drive off traffic.

Given this limitation on price adjustments Auy = 0, it is critical to avoid overcor-
recting the dual variables us. Once a dual variable has been overcorrected, the algorithm
has no way to recover its mistake, since cost reductions are not permitted. Overcorrection
isnot afatal error, but might lead to a larger than necessary duality gap.

The tabu search procedure seems to find a* happy medium” between too-small corrections,
which can lead to looping or very long solution times; and too-large corrections, which
may lead to an excessively large duality gap, but it may temporarily violate conditions (2)
and (3) during the process.

The dynamic car scheduling procedure continues to increase segment prices and
split flows until aprimal feasible solution is obtained, or until a maximum iteration limit is
reached. This primal feasible solution also satisfies the Lagrangian Relaxation require-
ment that all subproblems be solved to optimality, so both the primal objective function
and lower bound calculations are valid for this solution. A separate Lagrangian Heuristic is
not needed to obtain a primal feasible solution. The restriction on price adjustments Auy =
0 may cause this algorithm to converge to a point other than the optimal solution. How-
ever, the lower bound can be used to measure how far any given solution is from

optimality.

4.4.2 Simple Examplesof Dual Adjustment Procedure
Figures 4.2, 4.3 and 4.4 introduce the dual adjustment heuristic, and demonstrate

the function of the tabu list in diversion cost calculations and flow assignments. The
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procedure starts by assigning all traffic on a shortest path basis, then each overcapacity
train segment is processed in turn, increasing the dual variables to drive off excess flow.

Given that a shipment has previously been driven off an overcapacity segment, itis
highly unlikely (but not impossible) that this same assignment will be part of an optimal
solution. Thetabu list maintains alist of all previous overcapacity segments utilized by
each shipment, and prevents the consideration of those segments in any future diversion
cost calculations. Without the tabu list, once path cost has been equilibrated on two or more
routes, subsequent assignments would simply alternate among equal cost paths, each time
computing adiversion cost of zero, but never resolving the overcapacity condition. The
tabu list is used as a method of calculating a positive diversion cost for a shipment and
increasing the dual variables, under circumstances when no cost increase would normally
be applied. However, in actual flow assignment, the tabu list is only used as a tie-breaker
among equal cost routes.

In al three examples, the following conditions hold:

. Each train movement link has a maximum capacity of 10 cars. Yard inventory links
are uncapacitated.

. Transit timeis 11 hours. Trains depart once a day.

. Equipment isvalued at $1 per hour, or $24/day. Train operating costs are the same

regardless of which departure is used, so the objective function is calculated below

based only on the hourly equipment cost component.

Figure 4.2 shows a case where 15 cars must be moved, but train capacity isonly 10
cars. All shipmentsareinitially assigned on a shortest path basis, producing an infeasible
solution, but avalid lower bound Zpy = $165. By inspecting shipments using departure
#1, we find an increase of $24 to the cost of departure #1 would be sufficient to drive off

the excess 5 cars, by equilibrating the path cost with departure #2. Using equation 4.4.9,
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Fig 4.2: Smple Example of Dual Adjustment Heuristic

Infeasible Starting
Solution:

Zpy = $165

ITERATION 1
Increase the Link Cost of Departure #1 by $24.

Then split the shipment, reassigning the last 5
cars onto Departure #2.

Feasible Solution

Calculations;

Z* =10 ($11) + 5 ($35) = $285
Zpy= 10 ($35) + 5 ($35) - 10 ($24) = $285

Gap=0.0%
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Fig 4.3: More Difficult Example, with " Pooling"

Infeasible Starting

Solution:
Zpy =$275
ITERATION 1
Increase the Link Cost of Departure #1 by $24.
Then split the shipment, reassigning the last 15
cars onto Departure #2.
ZDU: $635

= 25 ($35) - 10 ($24)

ITERATION 2

Departure #2 overflows, so simultaneously
increase the cost of departures #1 and #2 by
$24.

Then split the shipment again, reassigning the
last 5 cars onto Departure #3.
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Fig 4.3 (ctd)

Feasible Solution:

Calculations:

Z* =10 ($11) + 10 ($35) + 5 ($59) = $755
Zpu= 25 ($59) - 10 ($48) - 10 ($24) = $755

Gap=0.0%

Fig 4.4: Difficult Example, with " Tabus'

The Initial Solution and Iteration 1 are the same
asinFig4.3.

ITERATION 2

Apply acost increase of $24 on departure #2 to
equilibrate path costs with departure #3. Then
reassign only the 5 overflow cars on atrue
shortest path basis. These five cars now return
to their original path via Departure #1, not
utilize Departure #3 as intended.
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Fig 4.4 (ctd)

Dual Caculationis
Invalid, solutionis
still infeasible

ITERATION 3

There are now 5 cars excess on departure #1,
with tabus on both departures #1 and #2. Apply
acost increase of $24 on departure #1 to
equilibrate costs with departure #3. Using tabus
on both departures #1 and #2 as a tie-breaker,
reassign the 5 cars excess to departure #3 on a
true shortest path basis.. This produces a
feasible, optimal solution, the same as obtained
inFigure 4.3.

Feasible Solution
with Valid Lower
Bound

Calculations;

Z* =10 ($11) + 10 ($35) + 5 ($59) = $755
Zpu= 25 ($59) - 10 ($48) - 10 ($24) = $755

Gap=0.0%
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this adjustment should improve the lower bound by (5 units)($24/unit) = $120. It
produces a feasible, optimal solution having Z* = Zpy = $285.

Figure 4.3 shows a more difficult example where 25 cars must be moved. Initial
shortest path assignment produces Zpy = $275. In the first iteration, increasing the cost
of departure #1 by $24 equilibrates costs with departure #2 and improves Zpy by (15
units)($24/unit) = $360. The new Zpy = $635. Diversion of the 15 excess cars repairs
departure #1, but now causes departure #2 to overflow.

By inspection, the obvious solution is to alow these excess 5 cars to overflow
onto departure #3. To accomplish this requires a simultaneous increase of $24 applied
to the dual variables on both departures #1 and #2. This three-way equilibration of path
cost in the second iteration further improves the lower bound by (5 units)($24/unit) =
$120 to $755, yielding afeasible, optimal solution, and a monotonically improving
lower bound at each iteration.

Unfortunately, in real-world problems, the required simultaneous adjustments
are not so simple to identify. Conceptually, however, the proposed tabu search proce-
dure could be considered an “artificial intelligence” approach to identification of those
segments which need to have simultaneous cost adjustments applied.

However, the tabu search procedure actually applies adjustments only on a one-
segment-at-a-time basis. The excess flow, when reassigned after each adjustment,
naturally tends to seek out and identify the next segment requiring a simultaneous cost
adjustment. This means that some flow assignments may be temporarily “out of equilib-
rium” while other dual variables continue to be adjusted. These flows are not reassigned
immediately, because the algorithm anticipates that subsequent dual variable adjust-
ments will probably correct this “out of equilibrium” condition before the algorithm

terminates. However, such flows are marked as “revisit” candidates, and are reinspected
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at theend of the procedure, to either verify they are already on shortest path assignments,
or else to return the flows to true shortest path assignments. Each segment adjustment
corresponds to an “inside iteration”, and this process continues until either afeasible solu-
tion is attained or the maximum “inside iteration” limit is reached.

If, at the end of the procedure, it is necessary to correct some “out of equilibrium”
assignments, and this correction produces new segment capacity constraints violations, the
dual adjustment procedureis called again. Each major cycle through the dual adjustment
procedureis called an “outside iteration.” The process continues until either afeasible
solution is attained with all flows on valid shortest path assignments, or until the “outside
iteration” limit is reached.

Figure 4.4 shows an example of the tabu search procedure at work. Theinitial
shortest path assignment, and first iteration of the algorithm are identical to Figure 4.3,
producing an assignment of 10 cars to departure #1 and 15 cars to departure #2, having
Zpu = $635. Departure #2 is now over capacity by five cars. At this point, a“normal”
diversion cost calculation would identify a zero cost opportunity to return the excess five
cars back to departure #1, and the algorithm would enter an infinite loop.

However, since those five cars were previously diverted from departure #1, the tabu
list would disallow the use of that path in the diversion cost calculation. The next-best
opportunity would be to reroute the flow via departure #3, which would require a cost
increase of $24 on departure #2 to equilibrate path costs.

Applying this $24 increase in iteration 3, the 5 cars overflow is now reassigned on a
true shortest path basis. But since the cost of departure #1 has not yet been increased,
these five cars will now return to departure #1, not to departure #3 aintended. Also, note

the 10 cars still remaining on departure #2 are now “out of equilibrium” because departure
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#1 has alower current cost. Therefore, the lower bound calculation is no longer valid as
long as this “out of equilibrium” condition exists.

At the end of iteration 3, thereisab car excess on departure #1, with tabus still in
effect on both departures#1 and #2. The diversion cost calculation is then based on the use
of departure #3 resulting in a $24 increase being applied to departure #1 in iteration 4. Now
reassigning the 5 excess cars on atrue shortest path basis, al three departures have identi-
cal path costs. However, the tabu list can be used as a tie-breaker, resulting in the selection
of departure #3 for this assignment. This produces afeasible solution at the end of iteration
#4.

Revisiting the 10 cars on departure #2 which were labeled as * out of equilibrium”
during iteration #3, we now verify (after the $24 increase to departure #1) these cars are
once again on a shortest path assignment, so no further action is necessary. The lower
bound calculation establishes thisis an optimal solution having Z* = Zpy = $755, the same

result obtained in Figure 4.3.

4.4.3 Avoiding Overcorrection of the Dual Variables
“Overcorrection” is the condition where in afeasible solution, for any segment sOS,

us > 0 while ssmultaneously = injk < Cs,
KK (ij)0Ag

Thisviolates linear programming “complementary slackness’ optimality conditions
requiring either that us=0if X X xijk < Cs,ordseif =3 Xijk = Cg, thenug< 0.

KK (ij)0Ag KK (ij)0Ag

As the examples of the previous section show, price adjustments on parallel “side by

side” links can display a considerable degree of interaction with each other. However,
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adjustments on “upstream” and “downstream” segments can also interact. Thisreflects
another form of degeneracy in the mathematical formulation of this problem.

The search strategy employed by the dual adjustment heuristic isto “sweep up”
making corrections in the latest time periods first. For example, in Figure 4.5, segment “B1”
will be visited first, then “A1”. To counter the myopic tendencies of this unidirectional
“sweep” agorithm, a“look ahead” feature has been installed. One might not want to divert
all the excess carson a*“downstream” link, because a subsequent adjustment to an “up-
stream” overcapacity link could possibly repair the violation. Describing this procedure, as
well as exploring the effect of different sweep strategies, will be the main focus of this
section.

Figure 4.5 shows how, once an overcapacity segment “v” has been identified, each
shipment using that segment is traced back to its origin (or current actual location) to deter-
mine how much of the overflow isjointly involved with an upstream over capacity segment
“s". The strategy isto divert only as much flow from the downstream segment asis “safe.”
The maximum violation to segment “v” that can be repaired by the upstream correction to
segment “s” isthe smaller of the total violation on the upstream segment “s’, or the total

number of shipmentsjointly involved with both “v” and “s’.

Define:

Ovfs= The number of cars by which segment sOS has overflowed:

Ovfs = Cg - ZxijjK (when Cs > £ = xijjK)
KK (ij)0A KK (ij)0A
=0 Otherwise

Ks= The set of shipments utilizing segment “s’ asKs C K, as before:

Ks= { k OK|xij>0, () OAg
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Fig. 4.5: Avoiding an Overcorrection

Original Assignment: Both
"Aq" and "Bq" Over Capy

Price increase to downstream
segment "B4" drives excess flow

to "Bo" but leaves "A4" still over
capacity

Applying increase to upstream
segment "A4" fixes both "A41" and

"B1." Increase to "Bq" should have
been deferred.

Jsv = The subset of cars using both upstream segment “s” and the
current targeted overcapacity segment “v”:

Jts/z Ksﬂ KV

Then the potentially “repairable” violation on segment “v” is:
Ovfy(repairable) = min {Ovfs, = xijK} (4.4.13)

k Ddtgy (1.)0A,
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This“repairable” violation is subtracted from the total violation to yield the target
correction amount. The remaining “non repairable” violation on segment “v”, which should

be corrected at once, is:

Ovfy(non repairable) = Ovf, - Ovf(repairable) (4.4.14)

Thisdiversion still satisfies required condition (4.4.12) to guarantee an improving

lower bound at each iteration, that is, since

Ovf(non reparable) < Ovfy,

reducing the overflow amount by Ovfy(nonrepairable) will not “overcorrect” the dual
variable uy. Having reduced flow on “v” by Ovfy(nonrepairable) | the algorithm’s strategy is
then to wait and see if subsequent adjustment to the upstream segment “s” will also take
care of the remaining overcapacity problem on“v.” If, after “s’ is repaired, the overcapac-
ity condition on “v” still persists, then “v” can be revisited and the remaining cars diverted
directly. Otherwise, the procedure risks diverting too many cars, leaving “v” overcorrected
in the final solution. A more formal statement of the look ahead algorithm will be provided
in the next section.

For example, in Figure 4.5, suppose that only 3 cars are involved with upstream
segment “A1”, but that “B1” has overflowed by ten cars. It is safe to immediately divert up
to 10 - 3 =7 carsfrom B1, but then wait and see if the remaining 3 cars overflow will be
repaired by the subsequent adjustment to A1.

The assumption in Figure 4.5 is that the two overcapacity segments“A;” and “B1”
belong to different trains. In this case, the shipment must be handled at the intermediate

terminal, regardless of whether the outbound connection is today’s or tommorrow’strain.
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Then tie-breaking logic in the shortest path algorithm will favor the earliest possible departure
from the origin terminal — that is, path A 1-B2 will be utilized provided:

- By isfull

- Sufficient capacity exists on A1 to accomodate the shipment

- The dual price on A1 has not been increased

If both segments are part of the same train, asin Figure 4.6, the shipment will be held
at the origin terminal so it can be forwarded on the “thru” block on the next day’strain. This
“thru” block bypasses the handling at the intermediate terminal. If the cost of segment B1 is
increased, the shipment will divert immediately to path A>-Bo, and the hybrid path A1-B2

would be utilized only in unusual conditions.

Fig. 4.6: Diverting with Thru Blocks

Original Assignment: Both
"Aq" and "Bq" Over Capacity

Applying increase to downstream
segment "B4" drives excess flow

to the next day's train, holding
cars at origin terminal in order to
utilize the "thru" block.
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Even where two separate trains are used, it is frequently the case that “last train out” assign-
ment will be employed. Thisisaresult of the algorithm’s requirement (so the lower bound remains
valid) that al assignments must remain optimal with respect to “adjusted” path costs. The reason for

thisisshown in Figure 4.7.

Fig. 4.7: Original vs Adjusted Path Costs

$100 +
$24 adj
$48 Delay ,

$100
costatany — "9 @ $24 a;jrj
yard i$1oo .
\"‘*~-‘.$1oo ,

ath Original Adjusted
Al-B1 $200 $248
Al-B2 $248 $272
A2-B2 $248 $248

In Figure 4.7, even though path costs A1-B1 and A>-B> are equilibrated, A1-Bo
costs more on an adjusted cost basis, so it will not be used. This behavior occurs as a
result of applying the $24 price increase onto link A1. If the total $48 increase had been
applied onto B1 instead, then all three paths would have had the same adjusted cost, so
A1-B could be used. Appreciating this “last train out” behavior is critical to comparing
the performance of various “sweep direction” and “look ahead” aternatives, which will
be further explored in FiguresA.1-A.4 in the Appendix. All four possible permutatations
of these approaches will be explored, assuming that flow diverts as described above when

segment dual prices are increased.

127



In the “ Sweep Up” approach, the deepest or latest train segments are visited first; in
“Sweep Down”, the shallowest or earliest train segments are visited first. However, as soon as
any diversion is made, the “sweep” immediately restarts at the beginning, so that if atrain
segment was bypassed earlier, that segment isimmediately reexamined.

Equations 4.4.13 and 4.4.14 are applied to limit the initial flow diversion when “look
ahead” isturned on. Look ahead always operates in the same direction as the sweep. If
“Sweep Down” is used, then “downstream” segments are used to limit diversion instead of
“upstream” segments (which would have aready been visited and corrected.)

The test problems presented in Figures A.1-A.4 in the Appendix incorporate asymmet-
ric traffic volumes and diversion costs, and are constructed by swapping flow volumes and
diversion costs to present them in different combinations. The problems examine the perfor-
mance of each of the four sweep direction and look ahead combinations, under varying cir-
cumstances likely to be encountered in actual practice. These results, summarized in Figure

4.8, show an “X” in each cell where the optimal solution was found.

Figure 4.8 - Car Scheduling Algorithm :
Perfor mance Comparison

Figure # | Sweep Up [Sweep Up |[Sweep Dn | Sweep Dn
w/Look Ahd w/Look Ahd

Al X

A2 X

A3 X X X

A4 X X X
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This analysis clearly shows the positive impact of including the look ahead logic which
solves 3 out of 4 problems correctly, as compared to only 1 out of 4 without look ahead.
However, in this“static” problem, the outcome with respect to sweep direction isam-
biguous, since either direction performs the same. The impacts of sweep direction and
look ahead will be further explored in Section 4.4.7 in the context of rolling horizon

simulation testing.

4.4.4 Formal Definition of the Dynamic Car Scheduling Algorithm

Initialy, al shipmentsk 0K are assigned onto the train schedule network on a
shortest path basis. When new shipments are called in, these are also initially assigned on
a shortest path basis with respect to the current adjusted link prices, ¢;jk. The current trip
plan for each shipment is stored in Pathy, consisting of a set of links from shipment origin
to destination, in route sequence order. When a new shipment is added, Pathy is immedi-
ately scanned to determine if any segment capacities have been violated. If any overca-
pacity segment “v” isfound, the Dynamic Car Scheduling algorithm is called to restore
feasibility.

Each shipment koK hasatabu list Tabuk. Each time a shipment is diverted from
an overcapacity train segment “v”, an audit trail is maintained by adding all links (i,j) O
Ay traversing segment “v” into Tabuy. The tabu list stores network links rather than
segments themselves for efficiency reasons: tabus can be directly matched to network
links prior to running the shortest path routine, which avoids having to expand one-to-
many associations (i,j) 0 Ay each time the shortest path subroutine is called. This tabu list
serves as an anti-cycling mechanism to help prevent the algorithm from entering aloop-
ing condition.

Each shipment k 0K also has an indicator variable revisitk, which indicates
whether that shipment (as aresult of tabu links being excluded from a diversion cost

calculation) may not be on atrue shortest path assignment with respect to the current dual
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variables. Initialy, revisitk is set to O indicating the shortest path assignment is valid, but

revisity = 1 indicates the assignment should be reexamined in the next “ Outside Iteration.”

Main “ Outside Iteration” Loop
Step 1

Set Outside Iteration Counter: Outside Iter = 0;

Step 2:

Increment Outside Iter by 1; If Outside Iter exceeds the outside iteration limit, then termi-
nate. Note that the previous feasible solution is still valid and the rolling horizon simulation
can still proceed; only the lower bound would be invalid, so the duality gap could not be

measured.
Call the “Inside Iteration” Loop to restore afeasible solution.

Step 3.
For all flows{k [K | revisityx = 1} recalculate the shortest path and reassign flow “k”, then
goto Step 2. If dl revisitk = O, then terminate with a primal feasible solution and avalid

lower bound.

Main “Inside Iteration” Loop

Step 1

Set Inside Iteration Counter: Inside Iter = 0;

Step 2:
Increment Inside_Iter by 1; If the maximum Inside Iteration limit has been exceeded, report

“Infeasible Solution” and terminate.

130



Find the next segment “v” to visit, having a violated train capacity constraint.

For a“ Sweep Up” direction, start at the segment having the latest departure time and walk
“up” the sorted linked list of segmentsin reverse chronological order. For a*“Sweep
Down” direction, start at the earliest segment and walk “down” the list until the first seg-
ment “v” is encountered having:

Ovfy > 0,where Ovfy = Cy -2 2xjjK  (when Cy> % ZxijjK)
k& (ij)0A, kK (ij)0A,

=0 Otherwise

If the overcapacity segment identified in the previous Inside Iteration had not been fully
corrected (due to an “ Excess Reduction” having been performed) then hold the segment
pointer at that same segment rather restarting the scan at the top or bottom of thelist. In
many instances, returning to this same segment will allow the algorithm to complete the
partial correction which it had started in the previous iteration, rather than starting from

scratch each time and possibly “undoing” some of its previous work.

If no violated capacity constraints are found, report the duality gap and exit the inside
iteration loop; otherwise, if aviolated capacity constraint is found, determine the number of

units to be diverted using equation 4.4.14. Perform:

Ovf,,(non repairable) = Excess Reduction(v)

If Ovfy(non repairable) > O then take positive action now to reduce the volume on segment
“v” by an amount Ovfy(nonrepairable) — go to Step 3. Otherwise, if Ovfy(non repairable) = Q
then continue searching in the same sweep direction looking for the next overcapacity
segment. Note that when the procedure returns from Step 3 back to the beginning of Step 2,
the sweep restarts from the top or bottom of the train segment list, it does not continue

where it left off.
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Step 3.
For segment “v” Perform:

AUy = Cost_Adjustment(v);

Update link pricesfor all arcs (i,j) LA v:
01K (new) = DijK (o1 + AUy .

Flow_Diversion(v,AuUy );

and return to the beginning of Step 2.

Excess Reduction(v): returns Ovfy(non repairable)

Step 1

Thefirst step isto calculate capacity overflows on upstream segments (or downstream, for
“Sweep Down). Walk through the linked list of segments, starting at the next segment in
the current sweep direction past the current overcapacity segment “v”, and compute for each

upstream (or downstream) segment “s”:

Ovfs = Cg - ZxijjK (when Cs> = 2 xijjK)
KK (ij)0A KK (ij)0A
=0 Otherwise

It is not necessary to perform this calculation for the segments in the downstream (or up-
stream, for “ Sweep Down”) direction since those segments won't be scanned by the subse-

guent look ahead logic.

Initialize Ovfy(repairable)= Q.
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Step 2:

The next step isto identify each flow currently assigned to overcapacity segment “v” and
trace it in the Sweep direction to identify any interactions with other overcapacity segments.
If any such interactions are identified, the volume of flow to be diverted from segment “v”
is reduced by the number of carsin shipment “k”, but not to exceed the overflow on seg-

ment “s’.

If the end of the list has been reached and no more flows exist, go to Step 4.

For each flow k [ Ky, = The set of shipments utilizing segment “v” asK, C K:
Kv={ k O K|xjK>0,(@j) DAV}

Each shipment “k” hasa“trip plan” which consists of a set of links to which each shipment
is currently scheduled. Define, for each shipment k [ Ky:

Pathe C A={ (ij) | xij>0} Ordered in route sequence,
by increasing time
If the sweep direction is“Up”, then for each shipment k L] Ky, starting at the first sched-
uled link (current position) of the shipment , scan the path until the first overcapacity
segment “s” is encountered. For each arc (i,j) L Pathy, check all segmentss [ Sjj (as
defined in Section 3.3) to see if any underlying segments are over capacity. If any overca-

pacity segments's [ Sij having Ovfs > 0 are found in Pathy, then set:

s=Thefirst overcapacity segment s S j encountered, having Ovfs >0

This scan identifies the first joint overcapacity segment which is upstream in shipment
“k’s’ path from target segment “v”. If arc s= v is encountered along Pathy, then the target
overcapacity segment “v” has been reached, the scan terminates and no reduction related to

this flow need be performed.
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If the sweep direction is“Down” then the same process can be “jump started” by scanning
the current path until current arc s = v isencountered. The pointer to current arc (i,j) DAy is
repositioned to the next arc after the arc which includes segment “v”, and the scan continues
from that point downward to the end of Pathk. If no further overcapacity segments are found,

then no reduction related to this flow need be performed.

Step 3.
If Step 3 isreached, then target segment “v”, joint segment “s’ and shipment “k” have been
identified which traverses both overcapacity segments. For each shipment “k” and joint

segment “s’, the smaller of the flow volume of shipment “k” across segment “s’ = xijk :
(i))0Ag
or remaining overflow Ovfg of segment “s” is considered repairable:

Increment Ovfy(repairable) by min { Ovfg, = Xijk}
(1)) DA

Then since a given overflow can only be corrected once, eliminate double counting:

Decrement Ovfsby min { Ovfg, = Xijk}
(i) A

Return to Step 2 and select the next flow.

Step 4.
Equation 4.4.14 can be applied to compute Ovf,(non repairable):
Ovfy(nonrepairable) = Qvf,, - Ovfy(repairable) (4.4.14)

Return to the main “Inside Iteration” loop with the value of Ovfy(non repairable)
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Cost_Adjustment(v): returns Auy

Step 1

For each flow k [1 Ky, do:
( Preventing use of overcapacity segment “v”, also preventing use of any segments
contained in the “tabu list” for shipment “k”: recalculate the shortest path for each
shipment to compute the diversion cost &/K as the difference between current and

revised path costs. )

Step 2:
Rank order all flowsk [J Ky from lowest to highest dK.

Step 3.

Partition Ky, into two disjoint subsets Ky,1 and K2 by counting down Ovf, (non repairable)
cars. Move thefirst Ovf,(nonrepairable) carsinto K1, then all remaining carsinto K,2. It
might be necessary to “split” a shipment which falls on the boundary of K,1 and K2into

two separate shipments in order to get the car counts to match precisely.
Set revisity = 1 for al k [J K2 having Tabuy # O

Step 4:
Now determine the required cost adjustment:

Auy = 5K wherek = the last shipment moved into K1

Setting Auy in this manner partitions Ky into K1 and K2 based on Auy, so that it now
conformsto the following definition:

Kvl=k O{Ky|aKk<auw}, Ky2=k O{Ky|aK=auy}

This definition is nearly the same as the one proposed in Section 4.4.1, with the exception
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that either set Ky or Ky2 may now contain “split” flows having precisely Auy = &yK. This
does not affect the lower bound calculation, but “splitting” aflow may be required to attain
feasibility and to satisfy the LP complementary slackness conditions which require that if

Us> 0, then = £ xjjK = Cg precisely.
KK (ij)0Ag

Return to the main “Inside Iteration” loop with the value of Auy .

Flow_Diversion(v, Auy)
Step 1.
For all flowsk [ Ky2 (having 8,X = Auy) which will remain on their current assignment,

increase the current stored path cost by Auy .

Step 2:
For all flowsk [0 Kyl (having 3, < auy) which will be diverted from their current assign-
ment, calculate a new diversion path using the shortest path routine. This routine also
includes several “tie breaking” rules which are critical to the performance of the algorithm:
- Prevent use of the overcapacity segment “v”. (Segment “v” will not
be used anyway when &,K < Auy, however, in cases where &K= Auy,
blocking the link is necessary in order to positively divert the flow.)
- Among valid diversion paths having equal cost, select the path which
minimizes the number of “tabu” links traversed.
- Among paths with equal cost and equal number of tabu links, select the
earliest available train departure from each node.
Remove the flow from its current path. Then reassign each flow k [J K1 toits new

shortest path, update the adjusted path cost, and reset revisity = 0.
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4.45 Two Possible Future Efficiency | mprovements

First, if adiversion cost &,% has been previously calculated, and if flow k [ Ky, still
remains on its original path with no link costs changed, then the old diversion cost &,k(°ld)
represents alower bound on the new diversion cost s,k(new), |f the cost of alternative paths
has been increased, while the cost of the current path remains the same, then the diversion
cost of aflow could only have increased since the last iteration. If the previously calculated
&K@d) > Auy it isnot necessary to recalculate the diversion cost for that shipment.

Second, areview of the literature suggests two possible ways of calculating diver-
sion costs without having to redo the shortest path calculations for each flow.

Shier [1979] describes algorithms to compute the “k” shortest paths in a network.
In Shier’s approach, a vector of the best “k” node costs so far is retained instead of over-
laying and destroying this information when a new path isfound. Shier’s method could be
used to calculate flow diversion costs in case of an overcapacity route segment, however,
this approach may not find adiversion cost if all “k” paths happen to use the same overca-
pacity segment. It would require considerable effort to trace each of the “k” paths back to
their origin to find the least cost path which bypasses the overcapacity link. This approach
would compute and store many paths for each O/D flow, only a small fraction of which
would ever be needed to support diversion cost calculations.

Halder [1970] devised a method of quickly calculating the flow diversion associ-
ated with an increase of cost on a specific link (u,v). One can construct a cut through the
network, dividing the set of nodes N into two digoint subsets X and X’. Thiscut is
defined by:

D(i,u) < D(i,v) (i I X)

D(i,u) > D(i,v) (i LX)

where D(i,u) is the cumulative distance from root nodei to u. If D(i,u) = D(i,v) then
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I may be assigned to either set without error, as long as the distance between node u and
node v, d(u,v) > 0. With this proviso, Halder shows the cut (X, X’) is independent of

d(u,v). Notethat, for (u,v) to lie on a shortest route from i to j we must have:
D(i,j) = D(i,u) +d(u,v) + D(v,j)

Halder has thus identified the set of node pairs that are of interest in studying the
effect of changesin the length of of (u,v). Moreover, the shortest path between any two
nodesin the digoint set (X, X’) must crossthe cut (X, X’). Thus, for any changein the
length of (u,v), the shortest path for such apair of nodes must pass through one, and only
one, of the linksin the cut-set. Some information has therefore been acquired about the
alternative shortest paths.

Implementing Halder’s algorithm would require the generation of two shortest path
trees. to compute D(i,u), atree forward from each origin, “i”, second, to compute D(v,j), a
tree backward from each destination “j”. Thiswould alows the identification of the candi-
date set of “competing links’, the determination of the best diversion path, and calculation
of the new path cost using D(i,j) = D(i,u) + d(u,v) + D(v,j). Halder reports that this ap-
proach is considerably more efficient than simply blocking the affected link and recal cul at-

ing the shortest path each time.

4.4.6 Convergence of the Dynamic Car Scheduling Algorithm

The convergence of the DCS algorithm is acritical design consideration. As defined
here, “convergence” means the algorithm will find afeasible solution if one exists. For an
optimal linear programming-based algorithm, suppose we knew at the start what the LP
optimal dual prices were, and simultaneously increased all dual pricesto those values. This

should drive off just enough flow from overcapacity segments so that the complementary
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slackness conditions would be satisfied. If sufficient capacity is provided, an L P-based
algorithm will find an optimal, feasible solution.

Although the dual adjustment heuristic is not guaranteed to find an optimal solution,
the provision of sufficient capacity is still anecessary condition to assure convergence.
Otherwise, no feasible solution exists and by complementary slackness the duals must be
unbounded. The DCS algorithm would just keep increasing the dual variables until the
iteration limit is reached, never able to drive off enough flow to attain feasibility. It is easy
to provide sufficient capacity simply by extending the length of the planning horizon, for
example, by assigning 7 days' traffic to 12 days' trains. This works because DCS trip plans
are developed only for traffic currently moving on the railroad. Excess capacity can be
provided at the end of the planning horizon, but capacity in the first part of the planning
horizon may still be very tightly constrained.

Suppose that a problem is so tightly constrained that only one feasible solution
exists. Then this single solution would also be optimal and any LP-based agorithm would
be guaranteed to find it. A suboptimal heuristic might overlook this possible solution and
enter alooping condition instead. However, as capacity constraints are relaxed, the set of
feasible solutions expands such that it becomes very likely that the algorithm can find at
least one feasible solution.

The central argument used in the proof of convergence of the LP simplex algorithm
isthat there exist afinite number of extreme points, and since the objective function is
nondecreasing, the same extreme point cannot be revisited twice. If the objective function
does not improve at every iteration, then Dantzig, Orden and Wolfe's [1955] “lexicographic
simplex” modification provides an anti-cycling mechanism to assure convergence even in
highly degenerate problems. Therefore the simplex method must converge to an optimal

solution within afinite (although possibly very large) number of iterations. If the smplex
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algorithm ever were to revisit the same extreme point twice it would be in alooping
condition and might never terminate.

For the dynamic car scheduling algorithm, a similar convergence argument can be
made. Since price decreases are not alowed, any time adual priceisincreased the same
combination of dual prices can never occur again. Each time aflow is diverted, additional
tabus are stored. Tabus in the Dynamic Car Scheduling procedure serve essentially the
same purpose as the “lexicographic” modification to the Simplex Method, referred toin
the previous paragraph. Thus, the same combination of dual prices, flow assignments and
tabus can never berevisited twice. Combined with the conditions established in Section
4.4.1 for an improving lower bound, this parallels the L P convergence proof, establishing
at least that the algorithm cannot enter a closed looping condition.

However, this till falls short of guaranteeing that the dynamic car scheduling
procedure will always find a feasible solution if one exists. The primal simplex method
operates at al timesin the feasible region. It can be terminated prematurely (before true
optimality is reached) and still have afeasible, but suboptimal solution. In contrast, this
dual adjustment procedure, like the dual simplex method, operates in the infeasible region.
These dual methods cannot be terminated prematurely and still have a feasible solution.

Even if an absolute mathematical proof of convergence were to be developed, it
would likely still fall short of guaranteeing acceptable computational performancein a
practical implementation. The only way to really ensure acceptable performanceis
through extensive computational testing. The DCS procedure has been tested thousands of
times embedded within the rolling horizon simulation model, and has never failed to find
afeasible solution to a practical problem. Aswell as demonstrating the steps of the algo-

rithm, its ability to solve very tightly constrained problems will be demonstrated by
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examplein FiguresA.10-A.13 in the Appendix. The train service network, yard costs and
traffic demands shown in FiguresA.5-A.9 in the Appendix are used in all examples.

The first example in FiguresA.10-A.11 represents a moderately constrained
problem, significantly more difficult than most real-world problems we usually expect to
solve. Each problem is solved once in each sweep direction. The “ Sweep Up with Look
Ahead” method requires one fewer iteration, but the two approaches seem to be roughly
equivalent in their ability to solve this particular test problem. In either direction the
algorithm is able to solve the problem to optimality while honoring the integral flow
requirement.

The second, more difficult problem in Figures A.12-A.13 uses the same demand
and train schedules but slashes train capacitiesto only six carsinstead of ten, represent-
ing a severe stress test of the algorithm. In this extremely stressed scenario, the Sweep
Up approach at first appears to perform better attaining both a faster convergence rate
and also atighter duality gap. However, upon closer examination, it can be seen that
Sweep Down with Look Ahead actually produces a better objective function value in the
third iteration, although the lower bound calculation is not as tight.

Either approach appears to be capable of finding a feasible solution; however, the
issue again becomes how the distribution of adjustments ultimately affects performance.
Sweep Up with Look Ahead tends to place heavier correctionsin the earlier part of the
planning horizon; whereas, Sweep Down with Look Ahead biases those corrections to
segments deeper down. Recall (from Section 4.4.4) that a*“tabu” list of previous assign-
ments is maintained for each shipment. If a shipment having “tabu” linksisincluded in a
diversion cost calculation, that shipment is marked with revisity = 1. Then during the next
“outside” iteration that flow will be inspected and, if necessary, recal culated and restored

to atrue shortest path assignment. This process continues until a solution is obtained
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where the assignment satisfies both conditions: (1) All train segment capacity constraints
are respected, and (2) All shipments are routed via “true” shortest path assignments. This
allows both aprimal objective function value and valid lower bound to be derived from
the same solution.

In Figure A.13, the severely stressed “ Sweep Down with Look Ahead” alarge
number of “outside” iterations are required to attain convergence on both criteria, further-
more, after the third iteration (attaining $9680), the primal objective function value starts
to degrade. By the 13'th iteration the objective function has been severely degraded to a
final value of $12,393. What happened?

Unfortunately, this process of restoring flows to shortest path assignments may
also destroy feasibility. Then the DCS algorithm must be called again, triggering another
“Outside Iteration” to restore feasibility. Given the above two-part requirement, when any
shipments are restored to shortest path routings, applying the heavier correctionsin the
earlier part of the planning horizon tendsto drive traffic down to later time periods, away
from the original overcapacity segments. If, however, the corrections are applied to
segments deeper down, those shipments tend to be driven back up to earlier time periods,
that is, returned to their original overcapacity assignments.

This bias explains why Sweep Up with Look Ahead converges after only three
outside iterations, while Sweep Down with Look Ahead requires 11 outside iterations to
satisfy both conditions (1) and (2). During these additional iterations, the dual variables
(particularly in the earlier time periods) were seriously overcorrected and both the objec-
tive function and lower bound were seriously degraded. Normally, this effect is not so
extreme, but this exampleillustrates how too many outside iterations can degrade the final
result.

In fact, the requirement to obtain both avalid lower bound and feasible solution

from the same traffic assignment, while convenient, is overly restrictive. For those flows
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not on shortest path assignments, it's only necessary to calculate the shortest path cost and
use that cost in place of the actual path cost to obtain avalid lower bound calculation. It's
not actually necessary to physically reassign the flows. This adjustment produces the same
lower bound which would have been obtained had the flows actually been restored to
shortest path assignments, without destroying feasibility or needing to trigger additional
outside iterations. The effect of turning the outside iterations “ off” will be further explored

in the next section.

4.4.7 Rolling Horizon Testing of Dynamic Car Scheduling

The focus of this section will be to assess the computational performance of severa
variations of the Dynamic Car Scheduling (DCS) agorithm in terms of such technical
criteriaas duality gap, required CPU time and number of iterations required to attain a
solution. The business impacts of implementing dynamic car scheduling on such measures
as service reliability are the focus of Chapter 5 and will not be examined here. Rolling

horizon testing will examine the effects of varying:

Q) Sweep Direction “Up” or “Down”
2 Look Ahead “On” or “Off”
3 Implementation “ Stand Alone” or in conjunction with

the Train Segment Pricing algorithm

Thisyields atotal of eight scenarios to betested. These simulation testing results
will be presented in Tables 4.1 and 4.2. Simulation testing will also examine the effects of
turning the outside iterations “off” as suggested by the findings of the previous section.

The DCS agorithm has been embedded within arolling horizon simulation model. A
full description of this model will be presented in Chapter 5, but for the purpose of this

section, the ssimulation simply serves as a “test problem generator.” The simulation does,
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however, add an additional dimension to the problem, by “locking” thefirst leg of the
current trip plan if a shipment has already been classified in ayard. A certain number of
hours after arrival, cars are sorted into outbound departure blocks and trains based on each
shipment’s current trip plan. At this point, the outbound departure block and train are
“locked” by the model and cannot be changed, even if ahigher priority car callsin later.

The effect of “locking” is shown in Figure 4.9, where alow priority car having an
hourly cost of $1 has already been processed before a high priority shipment costing $2 is
called in. To keep things simple, each segment only has 1 car capacity. Since the train
hasn't departed the origin yard yet, network link A1 still exists, so the high priority car is
initially assigned to A1-B1, causing both segments to exceed capacity. The dynamic car
scheduling algorithm is called to restore feasibility. What happens? As shown in Figure 4.9,
the answer depends on which sweep direction isused. “Sweep Down” or “ Sweep Up with
Look Ahead” will apply the total dual variable increase to the earlier segment A1. “Sweep
Up” or “Sweep Down with Look Ahead” spreads the increase across both segments. Al-
though the same total price increase of $48 is required, the distribution of the adjustments
isdifferent.

Ultimately, “ Sweep Down with Look Ahead” equilibrates path cost for the low cost
shipment on either segments B1 or By, so if another shipment callsin later for By, asmaller
price increase to By would subsequently be required. In contrast, if the total $48 isinitially
charged to A1, then alarger increase may be subsequently required to B if additional
traffic callsin later. This result has been confirmed in computational testing in Tables 4.1
and 4.3, which show that “ Sweep Down with Look Ahead” generally produces smaller total
price adjustments, lower average objective function values, tighter duality gaps and re-

quires less computational effort, as compared with any other approach.
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Figure 4.9 - Effect of Leg L ocking

- Each flow is 1 car
- Each segment capacity is 1 car
- The $1/hr flow is "locked" onto segment Aq

Initial Assignment Sweep Down +
Sweep Up w/Look Ahead

Step 1: Sweep Up +
Sweep Down w/Look Ahead

Step 2: Sweep Up + Step 3: Sweep Up +
Sweep Down w/Look Ahead Sweep Down w/Look Ahead
$1/hr
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Table 4.1 presents the results of the first series of rolling horizon simulation model

tests for 500 simulated hours each. These detail the results from the eight combinations of

sweep direction, look ahead and operation either stand alone or in conjunction with the

Train Segment Pricing model. CPU timings reported in Table 4.1 were obtained on a

Macintosh Performa 6200CD computer, which has a Motorola 603 PowerPC chip running

at 75 MHz. The program is implemented in C++ using a Symantec compiler. Executing

this software on afaster machine such as a RISC/6000 would probably produce at least an

order of magnitude speedup. Also, both the TSP and DCS algorithms are well suited to

parallel processing of shortest path subproblems (resulting from the Lagrangian Relax-

ation of the capacity coupling constraints), which could result in substantial additional

speedups if implemented on a multi-processor machine.

Table 4.1 - Performance of Dynamic Car Scheduling

Algorithm

Total | CPU Total lterto | Outside | %

Calls | Sec/Call Iterations| 1st Feas| Iterations | Gap
Sweep Up w/LK Alone 967 8.76 3.73 2.23 1.42 0.93
Sweep Up w/LK TSP 519 7.67 2.84 1.95 1.31 2.11
Sweep Up NO LK Alone | 913 8.49 3.11 2.1 1.42 1.40
Sweep Up NO LK TSP 497 7.61 2.94 4.87 1.32 2.86
Sweep Dn w/LK Alone 910 8.04 3.08 2.20 1.38 0.77
Sweep Dn w/LK TSP 493 5.78 2.21 1.75 1.26 1.36
Sweep Dn NOLK Alone | 940 8.26 3.02 2.08 1.40 1.00
Sweep Dn NOLK TSP 513 7.06 2.48 1.84 1.35 2.45

Asshown in Table 4.1, DCS duality gaps tend to be very good. When DCSis

operated stand alone, with look ahead in either sweep direction the duality gap averages

less than 1%.
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When DCS is operated in conjunction with Train Segment Pricing (TSP), penalty
costs for late deliveries tend to amplify the duality gap. Yet overal DCS performanceis still
quite good yielding an average duality gap of 1.36% for the Sweep Down with Look Ahead
approach. Significantly, the required number of callsto DCSis cut nearly in half and also
the average time required per DCS iteration is reduced, regardless of sweep direction or
look ahead. This appears to be the result of the introduction of delivery commitments on
each shipment, along with penalty costs for late delivery in the objective function, which
provides a clearer prioritization mechanism. To alesser degree, this performance improve-
ment may also be aresult of TSP shedding a small amount of traffic volume, which consists
either of unprofitable shipments rejected by the TSP algorithm, or afew cases when the
customer rejected the TSP service offer.

Table 4.2 gives acomparison of results obtained if the DCS algorithm is stopped at
the first feasible solution, as compared to the case where all assignments must be via “true”

shortest paths must also be satisfied, requiring additional “outside iterations.” With respect

Table 4.2- Comparison of First, Last and Best

|teration

% lter |% Gap z* Z* u u

Better (Improved | First Last First Last
Sweep Up w/LK Alone 14 .048 467842 | 467874 | 2528 2537
Sweep Up w/LK TSP 8 118 486687 | 486825 | 4977 5004
Sweep Up NO LK Alone | 13 .043 461386 | 461444 | 2538 2548
Sweep Up NO LK TSP 10 119 471903 | 472113 | 4798 4827
Sweep Dn w/LK Alone 11 .055 461361 | 461378 | 2453 2463
Sweep Dn w/LK TSP 5 116 469601 | 469700 | 4918 4938
Sweep Dn NOLK Alone 10 .046 487623 | 477704 | 2744 2756
Sweep Dn NOLK TSP 8 126 479218 | 479343 | 4738 4760
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to additional “outside” iterations, a better feasible solution than the first oneisonly
found 5-14% of the time, and when found, generally results in only small improvement
in the objective function value. On the average, outside iterations degrade the objective
function for every scenario. Furthermore, dual price increases and excessive tabus
applied during the outside iterations worsen the “starting” point for subsequent DCS
iterations.

Based on these findings, confirming the results presented in Figure A.13, the
recommended DCS operating mode will be to simply drive to the first feasible solution
and stop. Additional “outside” iterations should not be performed. Once afeasible
solution is obtained, alower bound can be calculated by simply reexamining the flows
marked with revisity = 1, without having to actually change the physical assignments or
disrupt the current feasible solution. As aresult of this change to the DCS operating
mode, it was necessary to repeat the simulations previously performed. Table 4.3 shows
the results of arepeated test of the “With Look Ahead” cases where the new operating
mode isto simply drive to the first feasible solution and stop.

AsinTable 4.1, “ Sweep Down with Look Ahead” gives the best overall perfor-

mance, producing the lowest average objective function values at the first feasible

Table 4.3 - Performance of Dynamic Car Scheduling Algorithm
with " Outside Iterations’ turned " Off"

Total | CPU Total % Z* Flows

Calls | Sec/Call Iterations| Gap Reuvisited
Sweep Up w/LK Alone 975 7.91 2.46 0.86 461765 12.89
Sweep Up w/LK TSP 545 5.22 1.97 1.48 478505 4.00
Sweep Dn w/LK Alone 954 7.37 2.34 0.7 461257 11.81
Sweep Dn w/LK TSP 548 5.90 2.10 $b6 |473246 | 4.83
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solution. When outside iterations are turned “off”, computational results still compare
favorably with those given in Table 4.1. The *“average number of flows revisited” column
shows that, in this scenario, the number of flows remaining on non-optimal assignments are
not very significant considering that over 1200 shipments are included each week within the
simulation model.

Figure 4.10 shows the DCS Duality Gap by time from the “ Sweep Down with L ook
Ahead” scenario givenin Table 4.3. It shows some highly stressed time periods where the
duality gap may reach as high as 3%, but rapidly recovers averaging 1.06% in 954 times
DCS was called during the course of the simulation.

Figure 4.11 shows the distribution of total iterations required, and Figure 4.12 shows
required CPU time.Both distributions are highly skewed with along tail. Figure4.11
extends out to 33 iterations; Figure 4.12 extends to 129 cpu seconds. Most problems can be
solved with much less effort than the averages given in Table 4.1, but occasionally avery
difficult problem is encountered which requires much more effort to solve.

The final recommendation will be to operate DCSusing Swveep Down with Look
Ahead, and Outside Iterations turned “ Off” . This standard operating mode will be used in

all therolling horizon simulations of Chapter 5.

45  Train Segment Pricing Model

The train segment pricing model (TSP) assigns a 7-10 day O-D demand forecast to
aplanned train service network. Either actual or booking limit capacities can be used. Dua
prices for overcapacity train segments are estimated using a standard subgradient step size
procedure along the lines of Geoffrion [1974] and Fisher [1981]. The subgradient “step size

adjustment” procedure adjusts dual costs using asimple formula:

ADJUSTMENT = STEPSIZE * ( Cs - = = xijK)

kK (i)0A
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Unlike the dynamic car scheduling algorithm, no shipment-specific “diversion costs”
must be calculated in this process. Neither are price adjustments limited to increases only —
decreases are also allowed. However, the effect of constraining price reductions will be
examined in Section 4.5.3.

The subgradient algorithm is used here primarily because the problem size is much
larger than in Dynamic Car Scheduling, including a full weeks' forecast demand, and the
main requirement of TSPis only to determine the dual prices, not a feasible solution.
Geoffrion [1974] established conditions under which the subgradient algorithm will converge
to an optimal solution, and since the TSP need not be solved in real time, this performance
guarantee makes the subgradient algorithm an extremely attractive approach.

The subgradient algorithm is unlikely to equilibrate path costs among multiple paths.
Costs would only be matched by accident or in the limit approaching infinity. Thus, the basis
of the algorithm is all-or-nothing assignment to the most profitable path. No attempt is made
to split flows across multiple paths. This means that convergence of the subgradient algo-
rithm is essentially unaffected by the degeneracy that plagues L P-based solution methods. As
shown in Figure A.14 in the Appendix, the subgradient procedure cycles flows back and forth
without ever converging to afeasible solution. However, upon closer inspection, it can be
seen that atight lower bound is still attained in spite of this apparent non-convergence. A
feasible solution, if desired, can be readily obtained through the application of asimple
Lagrangian heuristic.

Fukushima [1984] tested a standard subgradient approach to a single commodity,
nonlinear highway traffic assignment problem and found lower bounds within 1-2% of
optimal, solving in half the time required by the Frank-Wolfe algorithm to attain a similar

solution quality. Fukushima remarked that all-or-nothing assignment would always provide a
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lower bound on the optimal solution, and made no attempt to split flows over more than one

route.

4.5.1 Subgradient Solution Procedure

The following gives aformal statement of the subgradient algorithm used to solve the
train segment pricing model. The procedure adjusts dual prices on each train segment propor-
tional to the amount of traffic overflow or underflow on that segment. The adjustment is
determined by multiplying the overflow or underflow by a*“step size” parameter which must

be calibrated to give best results.

Step 1 - Initialization

Set K =0, where K isthe current iteration number. Set all dual variables uj; = O for the first

time the subgradient procedure is called. However, if embedded in arolling horizon ssimula-
tion, smply carry forward the final dual variable values from the previous day’s run and use

those dualsto “jump start” this procedure.

Step 2 - Maximum Iteration Test

Set K= K+ 1,

If K > Maximum Iteration Limit then Stop

Invoke the Primal Heuristic (Section 4.5.2) to get afeasible solution and allow measurement

of the duality gap, if the Primal Heuristic has not already been turned on.

Step 3 - Shortest Path Assignment
For each commodity “k” and link “i-j”, adjust link costs by adding the dual (Section 3.3):

ok = cigk = I us
s [ S” segments associated with link (ij)
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Then solve “Modified Shortest Path” problems as described in Section 4.2.1 for each
shipment, to determine the optimal delivery time. Each shipment is assigned to the shortest
path between origin node in the space/time network and node corresponding to the optimal
delivery time.
The expected volume loaded onto the network for each shipment “k” is:
Ak = (Z Pnk Mnk) &k
n[] Ty
where:
Tk = Theset of “termination” nodes from which shipment “k” can be delivered to
the consignee, Tx C N.
Pik = The probability customer of commodity “k” accepts the service offer for
shipment delivery at nodei L] Ty
Mik = 1if shipment “k” delivered from nodei LI Ty; else 0.
¢k = Expected demand for commodity “Kk”.
Ak = Thetotal flow to be assigned taking customer acceptance probability

into account.

Step 4 - Compute Zp(uK); if noimprovement after five

iterations, cut the Step Size Multiplier A in half.
Based on the assignment in Step 3, compute the new dual objective function value Zp(uK):

Zp(uK) = 2 ¢ijXifK - 2 us(Z 2 xjjk - Bs)
i,j,k S k (1) A g

153



where:
As = Theset of links(i,j) associated with segment “s”, defined the
same asin Section 3.3.
Bs = A user-supplied booking limit, which can be greater or less than Cg, the
actual capacity of train sesgment s [ S.
If Zp(uK) isless than the best previous value, store the value of Zp(ubest). If Zp(ubest) has

not improved after 5 iterations, set Ak+1 = A/ 2.

Step 5 - Determine Step Size
The following formula suggested in Fisher [1985] is used for computing the step size

“tk” in each iteration K:

User-Supplied Current Best An estimate of the Optimal
Cdlibration Dual Vaue Objective Function value
Parameter

o (Zp(u)-2()

{  xj* Bs}?

s S k(i) Ag
\Sum of Squares of

Constraint Deviations

The parameter Ak is supplied by the user and reduced after five iterations if the
algorithm fails to make progress. A result givenin Held, Wolfe and Crowder [1974] states
conditions on tx under which the subgradient algorithm will converge to the optimal dual
value Zp. In summary, tx should converge to zero, but not too quickly, or else (as shownin
Fisher [1985]) the subgradient algorithm may converge to a point other than the optimal

solution. The parameter Z* is an estimate of the optimal primal objective function value.
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For this application, Z* has just been set equal to zero, since thisavoids any requirement
to execute the primal heuristic at every iteration (see Section 4.5.2), and computational

testing with Z* = 0 hasyielded satisfactory results.

Step 6 - Update the Dual Variables

For each segment S, the dual variables are updated using:

ugtl=max{ O,ug -t ( Xijk— Bs )}
k(i))Ag

where:
usK = Vaue assumed by the dual variable on segment S
during iteration “K” of the subgradient algorithm.

usK isnot allowed to go negative.

Ok = User supplied parameter a, 0 < a < 1;

ak = a if ( 2 2 xj5K - Bs ) < 0;
k (i,j))0Ag
ak =1 otherwise

The a parameter has been used to perform computational
experiments in an attempt to reduce the infeasibility remaining in the
dual problem. The results of this experiment will be described in

Section 4.5.3.

Other terms are as defined above and in Section 3.5.

Then Go to Step 2.
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4.5.2 Obtaining a Feasible Solution and Integration with
Dynamic Car Scheduling

Using the Lagrangian primal heuristic is strictly optional sinceitsonly use hereis
to measure the duality gap. Only the dual prices are required to support the reservations
and booking process, and these can be obtained from the standard subgradient algorithm.
However, the output is till quite desirable for operations planning purposes, since the
heuristic develops a“forward workload projection” based on the demand forecast. This
includes both cars currently moving on the railroad as well as anticipated future demands.

The Lagrangian heuristic is a greedy assignment algorithm which obtains a fea-
sible solution by rank ordering all flows based on priority, then sequentially assigning the
flows on a shortest path basis. Cars currently moving on the railroad are assigned first,
according to their current trip plans. Once underlying segments become saturated, associ-
ated network links are blocked, preventing those links from receiving any further traffic
assignments. Subsequent assignments bypass saturated links. The heuristic issimilar to
an approach which AADT developed for the Santa Fe Railway (Gorman [1994]). How-
ever, Santa Fe's heuristic isimproved by using adjusted dual prices developed by the
subgradient algorithm. Much excess flow is priced off, leaving only a small residual.
Computational testing of this procedure generally produces optimality gaps of less than
1%.

It should be pointed out that each shipment may be required to be assigned twice
using the heuristic. Thefirst assignment is performed on a shortest path basis by the

subgradient algorithm. Then:

. If saturated segments are encountered along the original path, the flow must be
reassigned with saturated segments blocked, until a path with some available capacity is
found. If the available capacity is not sufficient to hold the entire shipment, then the

shipment is split into two parts, saturating the first path and reassigning only the overflow.
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. If the first path does have available capacity, it is not necessary to perform a second
traffic assignment. Performing both dual and primal traffic assignments at the same time
allows the algorithm to take advantage of this potential processing efficiency. Assigned link
and segment volumes are tracked separately for the primal and dual problems.

Since the Train Segment Pricing problem formulation includes probabilities, the
expected value of flow islikely to be non integral even if the underlying probability distri-
bution is discrete. Because of this, the integral flow requirement applies only to shipments
which have aready been accepted and are already moving on the railroad. For expected
future shipments, the integral flow requirement is relaxed, and the first path is completely
filled up before diverting flow to a second path, even if that involves splitting the flow on a
fractional basis. This does not create any problems since most of those future “ expected”
flows are fractional to begin with. This acknowledges the fact that the exact number of units
shipped or the routing they will take, cannot be predicted with certainty.

To avoid anon-integral split of shipments already moving on the railroad, these must
be assigned by the Lagrangian heuristic first. Since segment capacities are integral, process-
ing these shipments first would be sufficient to ensure that no fractional splits are needed.
However, al these shipments already have trip plans developed by the Dynamic Car Sched-
uling algorithm. Rather than re-routing these shipments on a shortest path basis, the ap-
proach taken here is simply to reuse the same trip plan already developed by the Dynamic
Car Scheduling algorithm. Reusing this information results in considerable processing
efficiency, maintains consistency between the two approaches, and as will be demonstrated
in the next section, still produces atight duality gap.

The Dynamic Car Scheduling trip plan isreused only in the primal heuristic. This
trip plan cannot be reused in the subgradient algorithm itself because of the requirement that

all subproblems must be solved to optimality. In the subgradient algorithm, current traffic as
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well as predicted future flows are al reassigned on a shortest path basis to ensure the validity
of the upper bound calculation.

Prior to running the heuristic, flows are presorted into two groups. current “real” and
predicted future flows; within each group, the shipments are rank ordered in order of priority.
The rank ordering criteria has a significant effect on the performance of the primal heuristic,
but the order in which flows are processed has no effect on the subgradient algorithm.

Thefollowing isaformal statement of the Lagrangian heuristic:

Define:
Yk = Customer acceptance probability if shipment “k”
is delayed 24 hours (computed from logit function).
Rk = Shipment “k” revenue if customer accepts offer.
Cgk = “Base Cost,” the cost of the shortest path assignment
with all dual variables set to zero.
wk = The hourly operating cost including car hire,
terminal track space cost, etc.
PSegs = The set of pooled segments to be excluded from
the shortest path calculation, PSegs 0 S
Step 1- Rank Order Flows

Rank order flows within each subgrouping “ Current” or “Future” flows, by expected impact of

a 24-hour delay 9K using:

9k = (1- WK)(Rk - CpK) + 24 Wk wk
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The first term of this expression, (1- Wk)(Rk - Cgk), corresponds to the expected net
revenue loss from a 24 hour delay, while the second term 24 Wk @k is the expected hourly

operating cost increase.

Process al “Current” flowsfirst, followed by “Future” flows to avoid the occurance of
fractional splits on the “Current” flows, which would violate the integral flow requirement

on these flows.

Step 2 - Carry Forward Dual Variables
Use the same dual variables and adjusted link costs ¢ ijk used in the current iteration of the
subgradient procedure. Update the individual link coststo reflect the price adjustment on
the underlying segments:

hijK = cijk + 2 ug

s 01 §jj segments associated with link (i j)
Step 3- Solve “ M odified Shortest Path” subproblemsfor each flow,
blocking saturated links

Select the next shipment “k” to assign until all flows have been assigned. Once all
flows have been assigned, report the duality gap and perform another subgradient iteration
until theiteration limit is reached. If the flow is currently moving on the railroad, assign it

according to the trip plan developed by the Dynamic Car Scheduling algorithm. Otherwise,

for all “future” flows:

Initialize PSegs = .
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Using adjusted link costs ¢jjk, solve modified shortest path problems to determine
both path taken and the customer acceptance probability. Determine the traffic volume to
be assigned Ak using:

Ak =( Z Pnx Mnk) &k

n[] Tk

For each link along the shortest path, determine the smallest remaining capacity ¢ of
any train segment traversed. This defines the maximum quantity of flow which can be
assigned without over- saturating the path.

If: (38) ¢ =0, then the path is completely saturated. Identify the first

saturated link (with no remaining capacity), add it to the segment
pool PSegs to prevent the link being utilized in the shortest path

calculation, and recompute the Prize Collecting subproblem.

(3b) 0O < < Ag then split the flow into two parts
Ax1= ¢ and Ak2 = Ak- €

Compute:

&1 =Ak1 [ ( Z Pk Mpk)
n S

&2 =Nz [ ( Z Pk Mnk)
n S

Assign k1 and go to (3a) with the remaining k2 .

(3¢) T > /g thenthereisample capacity remaining
along the entire path; assign commaodity “k”, go to

the beginning of Step 3 and process the next flow.
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4.5.3 Algorithmic Performance

The algorithm was tested on a problem adapted from Kwon [1994] containing 1250
traffic flows. Cost, revenue and service sensitivities were randomly generated for each flow.
The traffic dataset and rail service network description will be found in an Appendix to this
dissertation. The algorithm was tested using a parameter 0 < a < 1 which multiplies any
negative adjustments. If a = 1, we have the standard step size procedure with equal price
adjustmentsin either direction. If a = 0, negative cost adjustments are disallowed.

Asshown in Figure 4.13, the algorithm drives out the most infeasibility if negative
cost adjustments are disallowed. In the test problem with o= 0.00, total infeasibility was
reduced from 1067 to 24 cars, a 97% reduction. The standard subgradient procedure with
a= 1.00 does not drive out quite so much infeasibility, reaching at best an excess of 124 cars,
but averaging about 300 cars residual infeasibility once the result stabilizes after 50 itera-

tions. Resultswith a= 0.25, 0.50 and 0.75 are between these two extremes.

Fig 4.13 - Remaining Infeasibility
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The performance of the primal heuristic depends more on the accuracy of the dual

prices than it does on the infeasibility remaining in the dual problem. With a=0.00, most of

the infeasibility has been driven out of the dual solution, so one might think this would

represent an excellent starting position for the primal heuristic. Yet with a=1.00, the primal

objective function value was better in spite of more infeasibility in the starting solution.

a=1.00 produced a 0.57% gap. The best gap attained with a=0.00 was 1.24%.This result

does not appear to be an aberration, since the best dual value monotonically decreases, and

the best primal value monotonically increases as a approaches 1.00.

Fig 4.14 - Cumulative Correction
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The sum total of correction applied, X ug is shown in Figure 4.14. With o= 0.00

this reaches 13,124 versus 11,370 with a = 1.00, indicating that the dual variables are

overcorrected with o= 0.00. Results with a= 0.25, 0.50 and 0.75 are between these

extremes.
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Fig 4.15 - Upper Bound and Primal Solution
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Figure 4.15 shows that the primal heuristic definitely performs better when started
with dual values from the subgradient procedure, as opposed to working directly on the
problem with all ujj’s= 0 (asthe AADT algorithm doesin Gorman [1994]). Initially, with all
uij's = 0, the objective function starts at only 5.32 million, but improves to 5.42 million if
dual prices from the subgradient algorithm are used. A 1% gap is attained by the end of
iteration #33.

Note also that atighter gap will be computed if the primal heuristic is applied on
every subgradient iteration versus only on the final iteration. In Figure 4.15, the value of the
objective function at the last iteration is 5,403,984 versus the best value attained of
5,419,164. The gap measured at the last iteration is 0.856% versus 0.574% if measured
based on the best objective function value. In this example, executing the heuristic at every

iteration, rather than only at the last, increases the required CPU time for the Train Segment

163



Pricing algorithm by 23%. Thisincrease would be greater for more tightly constrained
problems, and correspondingly less for problems with plenty of slack capacity.

In view of the fact that by either measurement the gap is less than 1%, it hardly
seems worthwhile to expend the additional computational effort to execute the heuristic at
every subgradient iteration. Figure 4.16 showsthat in the rolling horizon simulation, the
vast mgjority of CPU time is consumed by the Train Segment Pricing algorithm, soitis
undesirable to further increase this resource consumption by unnecessarily executing the

primal heuristic.

Figure 4.16 - CPU Time Distribution
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Figure 4.17 shows the TSP duality gap as afunction of time. Inall iterations
except the first where no shipments have been originated yet, the primal heuristic assigns
shipments already moving on the railroad based on their DCStrip plans. (These DCStrip
plans are developed in the “ Sweep Down with Look Ahead, Outside Iterations Off” mode.)
The average TSP gap for the time interval 30 to 410 hoursis 1.45%. After the start of day
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19 (432 hours), the ssmulated TSP gap declines, because no addional traffic is added into the
simulation past the cutoff of 500 hours. Note that since the primal objective function is calcu-
lated only based on the last TSP iteration, gaps reported in Figure 4.17 are only conservative
estimates of the true gap. Actual gaps must actually be tighter than reported.

Fig 4.17 - TSP Gap by Day
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4.6  Regulating theApplication of Penalty Costs

In the rolling horizon testing, athough the vast majority of cars were delivered on
time, some high priority shipments were still delivered late. This problem had not been
apparent in any of the stand-alone tests of the car scheduling algorithms, but was only seenin
the context of rolling horizon testing. The “brute force” approach of simply increasing the
penalty cost did not significantly reduce the number of late deliveries. Ultimately, as shown
in Figure 4.18, the root cause of the problem was traced to some very large adjustments to
train segment dual prices made by the Dynamic Car Scheduling process at the time the
shipment was originally called in.

These price adjustments cancel the effect of the penalty cost, neutralizing the penalty
cost’s ability to hold a high priority shipment on schedule. No matter how large the penalty
cost, it could still be cancelled by a matching increase to the dual variable associated with an
overcapacity train segment. Consider the example shown in Figure 4.18. Assume train “A”
has only 5 cars remaining capacity. Now alarge high priority shipment of 10 carscallsin
having no schedule slack in the quotation based on TSP dual prices, and a $5000/car penalty
cost for late delivery. This can happen because of the “open ended” nature of bid-price
booking controls as reported by Williamson [1992] (pp 90-92), but the Dynamic Car Sched-
uling process will immediately detect if this causes atrain capacity overflow and allow an
appropriate management response, as will be further described here.

If no cars can be displaced from train “A”, the Dynamic Car Scheduling algorithm
must split this shipment keeping 5 cars on the first train “A” and displacing the remaining 5
high priority cars onto the next days' train “C”. Given an hourly holding cost of $2, the
diversion cost per car will be $48 holding cost plus the $5000 penalty. This gives a total
$5048 price increase which must be applied to train segment “A” in order to equilibrate path

costs and split the flow. After the $5048 price adjustment, the first five cars have a zero
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diversion cost because path costs are now equilibrated via either trains“A” or “C.” If
another shipment subsequently callsin causing train “B” to overflow, even atiny increase
to the cost of train “B” would be sufficient to drive these 5 cars off “A” onto train “C”,

which would make all 10 cars late.

Figure 4.18 - Splitting A Flow with a Penalty Cost
In a No-Slack Condition
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$5000

The large price adjustment to segment “A”, caused by including the penalty cost
aswell as the hourly holding cost in the diversion cost calculation, sets up conditions
allowing the five carsusing “A” to subsequently be easily driven off schedule. Thereis
nothing to prevent the remaining 5 cars currently assigned to “A” from also being di-
verted to “ C”, because path costs have already been equilibrated via“A” and “C”. Fur-
thermore, all 10 cars could easily be driven to an even later train (such astrain “E” in
Figure 4.19) — the additional diversion cost viatrain “E” would only be a modest $48
per car, because the fixed penalty cost has already been incurred, and there is no further

penalty cost increase after the delivery commitment has already been missed.
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By comparison, consider the case where the initial schedule quotation includes one
days dlack time, as shown in Figure 4.19. Then an increase of only $48 to the cost of Train
“A” would be sufficient to equilibrate the path cost. The $5000 penalty cost remains an
effective barrier and is still able to prevent any cars being diverted to Train “E”. In the test
run of the Dynamic Car Scheduling algorithm (defined as “ Scenario 3” in Chapter 5) pre-
sented in Figure 4.20, about half the split shipments were described by Figure 4.18, the other
half were of the Figure 4.19 type.

Figure 4.19 - Splitting A Flow with a Penalty Cost
One Days Schedule Slack
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It's important to note that this splitting of the shipment takes place when the ship-
ment isoriginally called in. Probably the first option should be to determineiif train

capacity can be increased to accomodate the entire shipment without having to split it. If
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increasing capacity is not an option, the customer should immediately be notified of the
need to split the shipment, including planned delivery times for each part of the shipment.

The customer could then decide whether or not to accept therail carriers’ service offer.

Fig. 4.20 - Split Shipmentsin Scenario 3 Test Run *

Overal:
14,101 cars originated in 2,658 shipments. Average Shipment Size = 5.31 cars

l 24.8%

Shipments having Priority Coefficient < 2:
3,502 cars originated in 694 shipments. Average Shipment Size = 5.05 cars

l 9.5%

Split Shipments having Priority Coefficient < 2:
333 cars originated in 19 shipments. Average Shipment Size= 17.51 cars

|_> 183 cars split off to ——= 85 Cars - No schedule
later trains slack, Fig 4.18 type, it

was necessary to extend

the delivery commitment

85 Cars - Had schedule
slack, Fig 4.19 type, so
that it was not necessary
to extend commitment

13 Cars- Cars didn't
terminate, so don't have
the data

* Inthis special run of Scenario 3, any car having alogit priority coefficient
less than 2 was considered a priority car and assigned a $5,000/car penalty
cost for late delivery.
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In the simulation when it was necessary to split a high priority shipment, average
shipment size (17.51 cars) was much larger than the overall average of 5.31 cars. Clearly if
alarge number of cars are moving together as a unit shipment, to minimize switching the
rail carrier would prefer to handle the movement as asingle “block” and not split the
shipment. Opportunities to adjust capacity, identified in the reservations process, should
trigger amanual intervention if necessary to evaluate whether the rail carrier should adjust
operations to meet demand, rather than automatically splitting the shipment and risking
customer rejection of the service offer.

The reservations process can clearly serve as a“trigger mechanism” to drivea
flexible train capacity management process. However, detailed smulation of thisflexible
capacity operation is beyond the scope of this dissertation. Also, in the event capacity
cannot be increased, the Dynamic Car Scheduling (DCS) process still needs the ability to
split priority shipments appropriately, without defeating the purpose of the penalty costs.

In the simulation, for newly called-in shipments the target delivery time constraint
will be relaxed when necessary to eliminate the penalty cost component from the shipment
diversion cost. The shipment can be split into two parts having separate delivery commit-
ments for each part. Thisis permissible because the initial trip plan assignment is per-
formed as part of the service quotation process, so the delivery commitment is not yet
“locked in.”

Asshown in Figure 4.21, thefirst part of the shipment would still be scheduled onto
train “B” while the second portion would be planned for delivery by train “D”. Given these
revised delivery commitments, only a $48 cost increase to train “A” is needed to equilibrate
path costs and allow the overflow carsto be split off. The penalty costs remain effectivein

maintaining on-time delivery of both portions of the split shipment.
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Figure 4.21 - Splitting A Flow with a Penalty Cost
Extending the Service Commitment
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A strategy of relaxing delivery targets to avoid excessive dual price adjustmentsis
preferable to the alternative of maintaining the original unachievable delivery target, and
applying the full penalty-cost driven increase to the dual variables. No purpose would be
served by establishing an unachievable delivery target before the shipment even turnsa
wheel. Applying the full price increase would not permit any cars to be delivered sooner,
but would only neutralize the penalty cost’s ability to hold the shipment on schedule.

In areal world implementation, the carrier should assign the shipment to the train
network using the Dynamic Car Scheduling process before making a service offer to the
customer. Thiswould confirm the feasibility of the service offer by ensuring adequate
capacity is available to handle large multi-car shipments. It would identify if thereis aneed

to either split such shipments and possibly extend the service commitment, or else if more
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train capacity should be added to accomodate a large shipment without needing to displace
other customers’ |oads.

However, in the rolling horizon model, performing the DCS assignment first would
require programming the capability to “roll back” a DCS assignment, restoring the original
system state, should a customer choose to reject the service offer. Thiswould greatly
increase the complexity of the ssmulation model code for only avery small gainin the
accuracy of the ssimulation. As shown in Figure 4.20, only 85 high priority cars were split
in such amanner as to extend the service commitment, out of 14,101 carstotal in the
simulation, or 0.6% of the total traffic. It isunlikely that more accurate simulation of this
aspect of the service commitment process would have a material effect on the results of the

analysis presented in Chapter 5.
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CHAPTER 5

Rolling Horizon Simulation Testing

51 Chapter Organization

The Train Segment Pricing and Dynamic Car Scheduling algorithms, defined in the
previous chapter, have been embedded into an event-oriented, rolling horizon simulation
model to assess their performance in the real-time control setting for which they were
designed. The model simulates the arrival and departure of road and local trains, pickup
and setoff of cars at terminals, car classification within terminals, four variants of the trip
planning process, and includes a highly detailed representation of the “booking” process
whereby demand randomly materializes throughout the day. A test problem was adapted
from Kwon [1994]; required modifications to Kwon’'s original problem are described in the
Appendix.

In Section 5.2, each of the four trip planning scenarios are described. Section 5.3
describes how the model responds under each trip planning option. Section 5.4 proposes
economic evaluation criteriato assess the profitability of each scenario, including therole
and definition of penalty costs. Section 5.4 also defines a statistical approach by which two
simulation outputs can be compared to estimate confidence intervals and determine the

statistical significance of the results.
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Section 5.5 presents testing results which compare the operational performance of
the four different car scheduling scenarios. The following measures are reported: system
throughput based on number of cars terminated; system stability based on enroute car
inventory; train segment load factors; and transit time distribution relative to both the
fastest possible time and to commitment, as afunction of shipment priority. Our results will
show that Dynamic Car Scheduling improves the operational stability of the system, in-
creases throughput and improves train load factors; and for high priority traffic, it reduces
transit time and reduces transit time variability.

Section 5.6 focuses on economic evaluation to assess the benefits of each imple-
mentation phase on an incremental basis. This section reports total contribution of each
scenario; statistical convergence of contribution per day; confidence intervals and statistical
significance of differences across scenarios. Our results will show that Dynamic Car
Scheduling protects capacity for high contribution traffic, preventing displacement of
highly profitable, service sensitive business by low-rated traffic, and improves overall
throughput, thus improving the financial performance of therail carrier.

Finally, Section 5.7 presents two special scenarios. The first scenario examines the
effect of the over or underbooking (in Scenario 4) on total system profitability. It isfound
that adjusting the “a” overbooking coefficient, as proposed in Section 3.6, has essentially
no statistically significant effect on total system contribution. The second scenario ex-
plores the impact of incorporating penalty cost terms into the Dynamic Car Scheduling
process when implemented stand-alone, asin Scenario 3. It is shown that incorporating
penalty cost termsinto DCS can be a very effective means of controlling service quality, in
other words, a full blown implementation of TSPis not required in order to gain significant

benefits from implementing DCS.
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5.2  Definition of Test Scenarios

Any railroad network simulation model should address natural aggregation levels
of rail traffic as shown in Figure 5.1. Typically, individual cars do not move directly over
thetracks. First, cars are aggregated into blocks. Then blocks are further aggregated into
trains. Trains may not follow the shortest path from origin to destination; instead, they
might visit intermediate nodes to pick up or set off cars at enroute points.

In the railroad industry’s current practice, cars are assigned to blocks without
regard to whether the train is planned to operate on a given day or whether the train
happens to be full. The primary objective of the dynamic car scheduling processisto
couple this decision making by addressing all four levels of aggregation simultaneously

and within a single model.

Figure5.1: Levelsof Aggregation in Rail Operations
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Scenario1:  Current Business Practice

In this scenario, car to block aggregation is performed using a “flat blocking
network” which does not include any time dimension. As shown in Figure 5.2, each yard
classifies cars only to the next yard, except yard “A” builds a block directly to yard “D”,
bypassing “B”, and vice versa. This approach is followed in ALK’s Automated Blocking
Model, a planning model designed to assist in service design (Kornhauser and Mayewski

[1983], Van Dyke [1986]).

Figure5.2: " Flat" Blocking Network

Traditionally, car scheduling systems have used fixed table-driven car to block
assignment. A tableisrequired which lists all destinations assigned to that block. Replacing
tables with aflat blocking network does not change this functionality at all, since the model
is calibrated to replicate past table-based blocking policies as closely as possible. The main
improvement isin data base maintenance, sinceit is no longer necessary to manually main-
tain the “tag table” or list of destinations assigned to each block. For Scenario 1, the smula
tion model will use afixed blocking table input from an external file. For maximum consis-

tency with Scenarios 2-4, this blocking table is generated from the space/time network
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based on the fastest routing available at |east 4 days per week. The optimization codes are
not directly used in Scenario 1.

Block to train assignment is performed after the block has been determined, based
on a“pick list” of blocks each train can carry. Cars are scheduled to the first available train
which carries their assigned block, subject to minimum connection time criteria. Blocks are
added to trainsin a priority sequence (longest distance block first) until train capacity is
reached; any overflow cars are rescheduled onto later trains. This represents the current
state of the practice in the rail industry, asimplemented in Norfolk Southern’s “ABC” car
scheduling system (Baugher [1993]).

Scenario 2. Uncapacitated Dynamic Networ k

In a space/time or “dynamic” network, diagonal links represent planned train
trajectories in space and time, connecting origin and destination nodes according to the
blocks which are carried on the train. It isathree dimensional blocking network. Complete
trip plans can be devel oped using a shortest path algorithm. This eliminates the need for a
supplementary process to perform block to train assignment outside the network model.

Figure 5.3 shows a simple space/time network which can develop both block and
train assignments within asingle model. Vertical links represent cars waiting in yards for
connections. Each node represents a specific time when some event occurs, such as the
arrival or departure of aroad or local train.

For example, location “B” has nodes at 4:00 AM, 11:30 AM, 1:00 PM and 4:00 PM.
This pattern could be replicated to generate as many days' activity as desired, varied by
day-of-week, or even customized to each day.

Each node may have zero, one or many over-the-road links associated with it, and

has one vertical “holding” link connecting to the next node at the same location. A node
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Figure5.3: Dynamic Blocking &
Train Schedule Networ k

11:00 PM
(Midnight)

having no associated over-the-road links marks the arrival or departure time of alocal train,
and istypically used as an entrance or exit point for traffic assignment onto the network.

To handle shipments of varying characteristics, different link cost coefficients based
on mileage, time or yard handling cost can be assigned, or use of some links might be
prohibited entirely, as for high/wide loads. Although the costs may vary, the basic structure
of the network is determined solely by the train schedules and always remains the same for
al shipments. Depending on the day of week, the model might choose to not only utilize
different trains, but also route shipments using different blocks and through different inter-
mediate yards. At this stage, however, train capacity constraints are still not enforced.

The ability to customize the train schedules on adaily basis, and to route shipments
according to the train schedules, is what makes a dynamic network so attractive. A model
based on a dynamic network would be much more flexible and responsive to day-to-day

operating conditions than today’s fixed table-based approach. In Scenario 2, shipment
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routings are determined taking available connections into account, but individual train

capacity constraints are still not enforced.

Scenario 3:  Capacitated Dynamic Networ k

Current car scheduling systems can “overschedule” available train capacity such that
the trip plans cannot all be achievable. Enforcement of train capacity constraints raises a
subtle question: how does a car scheduling program recommend which shipments should be
“bumped” off an overcapacity train? Implementation of these trip plans would require
significant improvements to operational planning systems within rail terminals, so that trip
plans can be used to actively drive the car classification process, rather than passively trying
to “predict” which outbound connection a shipment might be likely to make.

Selection of priority shipmentsis not so difficult for intermodal, but requires more
advance planning for railcars. Since selecting specific shipments for each outbound train
may increase the complexity of terminal operations, there must exist a clear justification for
asking aterminal to depart from the standing order sequence in which cars would naturally
fall in the classification tracks. A justifiable basis for establishing terminal handling priori-
ties would be based on meeting customer service delivery commitments. It doesn’t matter
whether commitments were determined by areal time quotation process or were contractu-
ally established long in advance.

While priority-based switching is complex, with proper planning and resource
allocation within the terminal, it can be accomplished (Union Pacific Railroad [1995]).
Numerous other benefits, not directly related to priority car switching, are aso obtained
within the scope of a comprehensive terminal decision support system. However, adetailed

analysis of switching strategies is beyond the scope of this dissertation.

179



Scenario4: Real Time Service Commitment Process

Contractually based service commitments work fine as long as the percentage of
priority traffic remains low. But as the percentage of priority traffic increases, it once
again becomes impossible to guarantee service reliability under a master scheduling
approach. Since operating resources and capacity in the short term are fixed, a means of
both limiting the volume of high priority traffic accepted and extending delivery times
on low priority traffic are needed to maintain plan feasibility and to avoid service
failures. The main impact of this process should be on those market segments having
low service sensitivity. Highly sensitive traffic tends to receive a constant transit time
quotation regardless of traffic conditions. Thiswill be demonstrated through computa-
tional testing in this Chapter.

Conversely, under light traffic conditions, service quotations should be “tight-
ened up” to take advantage of available capacity in the system. If the carrier is confident
that an aggressive delivery schedule can be met, thiswould generally bein the carriers
interest so that the equipment can be unloaded sooner and released for another
customer’s use. The modified shortest path approach of Section 4.2.1 will suggest a
delivery appointment time for each shipment. However, if thisdelivery timeisn't
convenient for the customer, under standard bid price criteria any delivery appointment
time that yields a positive contribution should be accepted. This allows precision sched-
uling of shipment deliveries so that the customer can receive the goods exactly when
and where they are needed.

Scenario 4 introduces a slack-based priority concept whereby penalty costs are
assessed for late delivery. Lower priority traffic may receive alonger transit time quota-
tion, but once a delivery commitment has been made, a penalty cost will be assessed to
prevent late delivery. To avoid this penalty cost, a“low” priority shipment with no
remaining schedule slack may sometimes take priority over a“high” priority shipment

having remaining schedule slack relative to its delivery commitment.
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Thisis better for customers than the fixed priority-based system studied in Kraft
[1995], which does not develop any service guarantee at all for the lower-rated traffic
classes. Under afixed priority system, as shown by Kwon [1994] and Kraft [1995],
service to lower priority traffic can be severely degraded if the percentage of high priority
traffic istoo high. Under a slack based priority system, service commitments can vary,
but once a delivery appointment is accepted, this commitment is respected regardless of
traffic “ priority.”

The performance evaluation of this scenario is more complex than the first three,
since it requires a three-way comparison between fastest possible, offered and actual
delivery time for each shipment as shown in Figure 5.4. In addition, a sensitivity analysis
on the effect of booking limitsin the Train Segment Pricing model will be performed.
Thisalows for systematic “over” or “under” booking to see what would be the effect on

service reliability, average load factor and overall system profitability.

Figure5.4. Key Comparisonsin Simulation Analysis
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53  Simulation Model Description
The simulation begins with random generation of traffic called in during the period
8 AM to 5 PM each day. The carrier has aforecast of expected origin-destination demand

(which may include fractional values), but does not know the exact number of cars until
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after each customer has called in their loads for the day. Based on this forecast, in Scenario
4 the Train Segment Pricing (TSP) model establishes dual prices for each train route seg-
ment at the beginning of each day.

These TSP dual prices are used to develop service commitments throughout the
entire day. Although the demand forecast and TSP dual prices are not adjusted during the
day, Dynamic Car Scheduling (DCS) dual prices are adjusted, if necessary, after each load
calsin. If the current DCS link price rises above the value originally predicted by TSP, then
the higher DCS price will be used. This partially addresses the requirement pointed out by
Williamson [1992] that bid-prices need to be updated on areal time basisin order for
implementation to be successful; athough it is clearly not as good as adjusting the demand
forecast and rerunning TSP, the DCS dual prices come practically “for free” so this ap-
proach can be implemented with little additional computational effort. Although DCS dual
prices may influence the service quotation process, this doesn’t hold true in reverse: TSP
dual prices are not currently used in the DCS process.

The process for generating service commitments in the rolling horizon simulation
model follows the general outline first proposed in Figure 1.2, reproduced as Figure 5.5 on
the next page. The model implements the proposed process for performing Steps (4) and (5)
in Figure 5.5; demand forecasting and empty car distribution are not addressed here.

In Scenarios 1-3, there is no provision for advising the customer ahead of time what
the expected delivery time will be, except based on the shipment’s current trip plan. In
Scenarios 1-2, no reduced cost information exists; in Scenario 3, only DCS reduced costs
are available. Without full knowledge of the reduced costs associated with overcapacity
segments, the rail carrier cannot assess the profitability of offered shipments. Therefore, all
offered shipments are accepted in Scenarios 1-3 whether profitable or not, or whether they

can be delivered on time or not.
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In Scenario 4, acommitted delivery target time is offered for each shipment at the

time the shipment isfirst called in. Delivery appointments to maximize profit are proposed

using a modified shortest path algorithm. This takes the probability the customer will accept

the service offer into account, implementing the procedures described in Sections 3.4 and
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4.2.1 of this dissertation. For each link in the space/time network, the highest dual price
from either the TSP or DCS current solutions is used, although usually the TSP prices
dominate. Once a service offer has been formulated, if the offered delivery timeis slower
than the “base” time (the “normal” transit time developed with al dual variables set to zero),
arandom number generator is called to determine whether the customer accepts the service
offer. If no delivery offer is profitable, the carrier will reject the load.

After a shipment has been “booked”, a DCS trip plan is developed. If any train
segment capacities have been exceeded, additional iterations of the DCS algorithm are
performed to restore feasibility. If asaresult of developing thistrip plan, a newly called-in
shipment must be split violating its committed delivery target time, the target time for each
portion of the split shipment is adjusted following the procedures of Section 4.6.

Trip plansin the ssmulation model are developed as follows:

. In scenario 1, trip plans are based on a fixed blocking table; the first outbound train
which carries each block after a fixed minimum processing timeis used. Current industry
trip planning processes modeled in this scenario are not sensitive to and do not require train-
specific link costs as input.

. In scenario 2, the trip plan is developed using an uncapacitated, cost minimizing
shortest path algorithm on a space/time network of blocks and trains.

. In scenario 3, trip plans are devel oped by the Dynamic Car Scheduling process,
enforcing train capacities. Since delivery target times have not been established, no penalty
costs for late delivery can be assessed. Shipment priorities are essentialy determined by
their hourly cost component; the minimization of total cost would tend to give priority to the

most expensive car types and commaodities.
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. In scenario 4, the Dynamic Car Scheduling algorithm uses the TSP delivery time
commitment to assess penalty costs for late delivery. Avoidance of penalty costs largely
determines the shipment priorities. Slack time might be provided in a service quotation
based on the expectation ahigher priority shipment will call in later, but the initial trip
plan still assigns the shipment to the most expeditious routing currently available. If a
higher priority shipment callsin later, lower priority cars can be “bumped” or rescheduled
at that time, if necessary, provided they haven't already been classified. This doesn’t cause
any problems provided sufficient schedule slack has been built into the service commit-
ment, but avoids unnecessary delay in the event the higher priority cars don’'t materialize.

Once a delivery appointment time has been established and the initial trip plan
developed, the penalty cost istripled for the remainder of the life of the shipment. This
increased penalty cost represents lost customer goodwill associated with not delivering a
shipment on time after a firm commitment has been made.

Next, local trains bring the traffic into origin yards. After afixed processing delay,
the model simulates the resorting of cars into the appropriate outbound blocks. At the
scheduled make-up time of the outbound train, cars are removed from yard inventory. The
exact method of doing this depends whether the unconstrained scenarios (1) and (2) or
constrained scenarios (3) and (4) are in effect:

. In scenarios (1) and (2) the trip plan is used only to control which block the
shipment is classified into. When atrain picks up cars, it first picks up the block which
travels the longest distance, until either all available cars have been picked up or train
capacity across some downstream segment is exceeded. Within each block, cars are picked
up in afirst-in-first-out sequence. After the first block is picked up, the process is repeated
for al remaining blocks for the train at that location. If atrain fills up, any cars missing

planned connections must be “force rescheduled” to later trains. Block-level “locking” is
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enforced: after a shipment has been classified, the block can not be changed, although a
later train might be used if necessary.

. In scenarios (3) and (4), both the block and outbound train are determined by the
trip plan. When an outbound train picks up cars, al the cars scheduled to that train are
taken. Train capacity is never exceeded at pick up time, nor should there be any left over
cars. Rescheduling occurs as soon as a higher priority shipment is called in, rather than
waiting for a shipment to actually missits outbound connection. Once a shipment has been
classified, neither the block nor train can be changed.

The main purpose of locking the first leg of the trip planin Scenarios (3) and (4) is
to avoid the need to reclassify or “cherry pick” cars for specific outbound trains. Decisions
on car scheduling must be made before an inbound train is brought to the “hump crest” and
the switch list generated. After this, when cars are already switched into the classification
tracks, it becomes prohibitively costly to attempt to change the decision. This assumes that
yards will be able to build blocks on an outbound-train specific basis and separate cars for
different outbound trains at the hump crest, if necessary. Some fairly simple strategies exist
for doing this, such as sending cars scheduled to later trains to rehump tracks in order to
keep the classification “clean” for one outbound train at atime. A more sophisticated strat-
egy would manage block to track assignments in the bowl on adynamic basis, to enable a
greater number of blocks to be built in the same yard, and minimize the number of rehump
cars. Or, additional constraints might be added into the DCS process to limit the number of
blocks simultaneously active within asingle yard.

The current “locking” assumptions might be overly restrictive. If acar is classified
to arehump track, then the locking need not apply to that car. However, the current locking
rule provides an important secondary benefit: it guarantees positive space on the outbound

train once a car has been classified.
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This positive guarantee of train capacity hasits primary benefit at intermediate
terminals where a mainline train stops to pick up cars, or on short distance blocks which
would be the last to be picked up. In scenarios (1) and (2), if atrain fills up at the origin
terminal, there may never be enough remaining capacity to pick up additional cars at an
intermediate point, and shipments can become “stranded.” Train locking overcomes this
problem by reducing the number of cars scheduled to depart from the origin terminal and
preserving just enough space to allow planned intermediate pickups.

The process repeats itself when amainline train arrives at its destination, and its cars
are set off into therail yard. After afixed processing delay, the cars are resorted into the
appropriate outbound blocks. A considerable amount of simulation model code is devoted to
“housekeeping” to smply maintain all data synchronized with current operating events.
After atrain arrives, the “used up” legs of shipment trip plans are written to alog file, and
the memory associated with those legs is released. Aswell, any DCS tabu entries associated
with the completed train leg can also be purged.

When the simulated event clock passes midnight, one additional days’ activity is
added onto the end of the network. Simulated events, such as arrivals and departures of road
and local trains are scheduled. While the network is only extended once a day, deletion of
old information is event-driven and occursin real time. After all, once atrain has terminated
we do not want that train to be able to receive any more scheduled cars. Processing deletions
on area time basis frees up memory storage sooner and ensures that such illogical assign-
ments cannot occur.To implement this code in areal world application would only require
triggering network updates based on actual operating reportings rather than depending on
the simulation timing routine to generate these events.

When a car reaches its destination, it is classified into a“local” block and picked up

by an outbound local train at the scheduled departure time. At this point, the shipment

187



terminates, trip statistics are written to alog file, and all memory storage associated with the
shipment is released.

As compared to Kwon [1994], this operational simulation is less detailed since it does
not include switch engine assignments within terminals, delays due to unavailability of crews
or power, or random delays to trains enroute causing missed connections. In this simulation,
train arrivals and departures and car classification operations take place as scheduled. Any
missed connections or late deliveries are solely due to capacity overflows and/or the operation
of the Dynamic Car Scheduling process. This allows a controlled measurement of the effect
of different car scheduling strategies apart from other factors which also influence service
reliability. However, the modeling of the car scheduling and booking processes are much

more detailed here than in Kwon’s model.

54  Economic Performance Evaluation

The economic analysis developed here is somewhat restricted, asit isdirectly tied to
the costs and revenues used in the Train Segment Pricing and Dynamic Car Scheduling
optimization. A full analysis would best be developed using “real” rather than randomly
generated input based on the actual network, traffic flows, required service levels, revenues
and costs of a specific railroad.

Recall from Chapter 3 that the objective function of the Dynamic Car Scheduling

model minimizestotal cost, including penalty cost for late delivery:

Min 2 2 cjjKxjK  forallk OK, (i,j) OA. (3.3.2)

KK (i,j)0A
whereas the Train Segment Pricing model maximizes total expected profit:

Max 2 2 cjjKxjK  forallk OK, (i,j) OA. (3.4.1)

kK (i,j)OA
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In the Dynamic Car Scheduling formulation (3.3.2) al link costs ¢ jk are positive,
except Cjj K coefficients on links incident to the super sink are nonnegative representing
the penalty cost of late delivery. In the Train Segment Pricing formulation (3.4.1) ¢j jk’s
are al negative, except positive cjj K coefficients on super sink links represent revenues
earned.

The two formulations use identical network structure and c; jk coefficients, except
the signs on the ¢jj K coefficients are reversed. The main difference liesin the links con-
necting the shipment termination nodes with the super sink, where the Dynamic Car
Scheduling formulation recognizes penalty cost, but the Train Segment Pricing model uses
revenue along with the probability of customer acceptance of the service offer. Currently,
penalty costs are only charged in the event a shipment is delivered late, although the
mathematical formulation for Dynamic Car Scheduling does permit penalty costs for early
delivery aswell.

Penalties for late delivery are not used in Scenarios 1-2 because they would not
influence shipment priority or routing in these uncapacitated car scheduling processes. In
Scenario 3, no explicit delivery appointments have been established, so penalties are
normally not used. However, two special runs of Scenario 3 will use penalty coststo
implement atwo tier priority scheme based on a high priority traffic subset. An arbitrarily
large penalty cost ($5,000 per car) enforces compliance with the trip plan on the top 20%
to 25% highest priority cars.

In Scenario 4, adliding-scale penalty cost is calculated for every shipment based
on its delivery appointment, profitability and on the service sensitivity of the customer.

The penalty cost is calculated using:

Penalty Costk = (1- WK)(Rk - Cgk). (5.1)
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where:

wk = Customer acceptance probability if shipment “k”
is delayed 24 hours (computed from logit function)
as compared with the “normal” transit time.

Rk = Revenue of shipment “k” if customer accepts offer.

Cgk “Base Cost,” the cost of the shortest path assignment

with all dual variables set to zero.

Equation 5.1 is the same as the first term of the “ Expected Impact of a 24-hour
delay” formula, already given in Step 1 of Section 4.5.2. It calculates the expected contri-
bution lossif the service offer is extended by one day during the reservations process.
Section 4.5.2 also proposes a second term which adds the hourly cost component of a 24
hour delay. Thisisalready included in the shortest path calculation, so to avoid double
counting of the hourly cost, only the first term is used here.

Using Equation 5.1, penalty costs in Scenario 4 average only $110, and the largest
penalty is $741. The calculated distribution of penalty costsis shown in Figure 5.6. Once a
shipment has been accepted and starts moving, this penalty istripled to account for the
lost goodwill associated with offering a customer commitment and then not meeting it.
Still, this produces a much lower penalty than the $5000/car cost used in the Scenario 3
specia run, so the model in Scenario 4 can actually make an economic tradeoff comparing
the benefits versus cost of violating any given service commitment. This means that the
formulation treats the delivery time commitment as a “ soft” constraint which can be

violated for aprice.
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Fig 5.6 - Distribution of Penalty Cost
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Of course, if acarriers’ policy isto never violate a delivery commitment, this can
be accomplished by arbitrarily establishing an extremely high price: asisdonein the
Scenario 3 special run, where there is no intention to make an economic tradeoff — the
extremely high cost essentially guarantees that high priority cars can never be displaced.

While the proposed approach is certainly not the only way to assess penalty cost, it
does take into account both the profitability of the load and the service sensitivity of the
customer. Currently, a step function penalty cost is assessed in the model. No penalty is
assessed for early or on time delivery, but afixed charge is made for any late delivery.
Once adelivery commitment has been missed, this causes the model to assign a higher
priority to new loads which still have an opportunity to arrive their destinations on-time. A
different functional form, such as alinearly increasing penalty cost as afunction of late-
ness, could also be used. An increasing penalty cost would tend to advance the older

shipmentsfirst even though they have already missed their delivery commitments, often at
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the expense of later arriving shipments which may still have a chance for on time delivery.
The mathematical formulation of the Dynamic Car Scheduling model is very flexible, and
can handle any kind of penalty cost function. The precise form of the penalty function can
be determined by policy and is easily adjusted to suit the needs of a specific carrier.

Given that each shipment has a movement cost across each link, a holding cost at
each yard, and penalty costs computed using equation 5.1, each of these variable costs
excluding penalty cost are accumulated by the simulation model based on links and yards
actually traversed. Thefinal result isthat revenue minus direct variable costsis reported as
the contribution of each scenario. Penalty costs are excluded from the economic evaluation:
thisanalysisreports “real” direct revenue or cost changes only. Since the train service
network is the same across all scenarios, costs such astrain crew expense are fixed and do
not enter explicitly into the car scheduling model formulation. These costs could be ac-
counted for by adding afixed dollar amount into each simulation result. Since our objective
here is to identify the differences across scenarios, such fixed costs would cancel out and
therefore do not need to be considered here.

Sinceidentical traffic data are used in each model run, following Kraft [1988]

(pg. 153), simulation results can be directly compared for each shipment. Comparing the

means of “n” paired observations is a standard statistical problem. Define:

ax = Contribution of shipment “k” from run “A”

by = Contribution of shipment “k” from run “B”

Then take the difference in contribution, delay, or any other comparable measure

before and after, for each shipment “k”:

dk=ak-bk,k=1,...n
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Compute the average change in the measurement per shipment:

Estimate the Variance using:

VARA-B)=  (d,- D)/ (n-1)
k=1

and 4= AIVAR(A-B)
Finally, construct a confidence interval for:
D=A-B
using the t-statistic having (n-1) degrees of freedom. If n> 50, “c” values

derived from the Normal distribution can be used, as givenin Table 5.1.

Confidence Interval RangeB +-cC 4 15

Table5.1-"C" valuesfrom Normal Distribution

Level of Vauefor
Confidence "c"
85% 1.44
95% 1.96
99% 2.58

55  Simulation Test Results: Operating Perfor mance

This section compares the performance of four different car scheduling strategies
defined in Section 5.2. System stability, throughput, train segment load factors, and transit
time distributions as a function of shipment priority will be compared across all four
scenarios. For consistency, al four simulations measure service performance relative to

the same “base” delivery time (developed using a shortest path calculation with al dua
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variables set to zero), using a MIT traffic dataset derived from Kwon [1994] (as described
in Appendix B) with normal train capacities and no special run options.

Following this cross-scenario comparison, train capacities will be varied within each
scenario, and the effect of special run optionsin Scenarios 3 and 4 will be evaluated. In
scenario 3, the DCS algorithm can be used on a stand-alone basis to expedite serviceto a
high priority traffic subset. In scenario 4, service can be measured relative to the real time
commitment as well asrelative to the “base” delivery time.

Figure 5.7 shows the total enroute inventory of each of the scheduling scenarios as a
function of time. The dynamic car scheduling Scenarios 3 and 4 reach a steady state inven-
tory level after about three days, averaging between 1600-1700 cars. A weekly traffic
pattern is readily apparent along with spikes representing the daily arrivals and departures

of cars. Shipments call in during theinterval 8 AM to 5 PM each day, but terminate on local

Figure 5.7 - Enroute Inventory by Scenario
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trainsat 1 AM. Since cars scheduled to originate after the simulation shut-down are not
added to on-line inventory, this explains why the last daily traffic “spike” appears cut off.

In contrast, in Scenarios 1 and 2, inventory continues to accumulate, with peak
inventory exceeding 3500 carsin Scenario 1 and continuing to grow. Scenarios 1 and 2 have
already exceeded capacity, whereas the Dynamic Car Scheduling process in Scenarios 3 and
4 is able to dynamically reroute traffic to keep al the cars moving towards their destination
on apriority basis, and avoid accumulation of excessive inventory in terminals.

The accumulation of inventory in Figure 5.7 in Scenarios 1 and 2 largely results from
localized bottlenecks, where certain train segments have exceeded capacity, although other
trains or blocks might still be underutilized.

Fixed table based blocking is not able to adapt car routings to take advantage of
available capacity elsewhere in the system. Asaresult, in real world rail systems, frequent
manual interventions are required to add capacity to clear out excessive accumulations of
cars, or else excess capacity must be built into the operating plan to begin with. In contrast,
the Dynamic Car Scheduling process automatically reroutes cars to avoid capacity bottle-
necks, better utilizing capacity already in the system. Dynamic Car Scheduling greatly
reduces the need for manual intervention to keep the system fluid and improves overall
capacity utilization, reducing the need to add extratrains or second sections.

The MIT traffic dataset described in the Appendix represents an extremely capacity
constrained, challenging test problem. A 15% capacity reduction asin Figure B.3 in the
Appendix would be sufficient to throw the Dynamic Car Scheduling simulation out of
equilibrium, causing a slow accumulation of enroute inventory shown in Figure 5.8.

If capacity isreduced 15% across-the-board, the increase in train load factor is not
proportional to the reduction of capacity. Some critical links already near capacity in the

base case “meter” traffic to downstream trains, preventing them from attaining full capacity

195



Figure 5.8 - DCS Inventory in 15% Reduced Capacity Case
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utilization. Comparing Figures B.2 versus B.3, utilization of segment 5-4 actually declines
from 54.3% to 52.2%, because higher priority cars are available to be moved from location
4, preventing some low priority cars from departing terminal 5.

Another consequence of flow “metering” by high load factor segmentsisan in-
crease in the number of shipments stranded enroute at the end of the 500 hour simulation.
Out of 14,101 cars originated,1,499 cars remained on line at the end of the base case
simulation, increasing to 2,503 cars after train capacity was reduced by 15%. Thisis
consistent with the increase of enroute inventory shown in Figure 5.8.

At extremely high load factors, metering occurs despite the ability of the Dynamic
Car Scheduling algorithm to flexibly route traffic. If al possible paths are saturated (as
they are between locations 3-2 in this example) the Dynamic Car Scheduling process still
ensures that the highest priority shipments are the ones moved. If the test network were

more highly interconnected, the algorithm would find alternative paths for the lower

196



priority cars. But since no aternative paths exist in this test network, low priority
shipments remain stranded.

Figure 5.9 gives the number of cars stranded and average cost per hour as a
function of when the shipment was originally called in. The oldest stranded ship-
ments were called in during the 320-370 hour interval having avery low average
cost of approximately $3 per hour. All the high priority shipments called in during
thistime interval have already reached their destinations. Near the end of the simu-
lation, the average cost rises into the $7 range because some high priority shipments
simply haven’t had sufficient time to reach their destinations before the smulation
abruptly shut down. During the 440-460 hour range, the algorithm gives priority to
the most expensive cars, causing the weighted average cost to dip slightly during
that timeinterval. On the last ssmulated day, cars scheduled to originate after the
simulation shut-down are not added to on-line inventory. This explains why not

many cars are stranded originating in the 470-490 hour time interval.

Figure 5.9 - Stranded Shipments
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Figure 5.10 shows the number of cars originated versus terminated in the base case,
as afunction of cost per hour. A higher percentage of expensive cars reached their destina-
tions within the simulated 500 hour time period, indicating these shipments received

preferential treatment.

Figure 5.10 - Cars Originated vs Terminated
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Another measure of the difficulty of a scenario is how many times the initial
shortest path trip plan assignment exceeds available train capacity. Whenever the initial
assignment produces a train capacity overflow, the Dynamic Car Scheduling process must
be called to restore feasibility. As shown in Figure 5.11, in the base case, the Dynamic Car
Scheduling process was called 975 times for 2658 shipments, or 37% of the time. On
average, the reduced capacity scenario called the Dynamic Car Scheduling process 53%
of the time, but needed it as much as 72% of the time on day 12. The weekly cycle of
demand is readily apparent in Figure 5.11.

This comparison shows there is not much room to reduce capacity in the base case

scenario, and still have a statistically meaningful performance evaluation. The base case
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scenario is very close to maximum network capacity and represents avery challenging test

for the rolling horizon model.

Figure 5.11 - DCS Call % by Day
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55.1 Transit Time Comparisonsversus“Base ETA”

Determining the impact of Dynamic Car Scheduling on service reliability is
complicated by the fact there are two possible bases of comparison. The “Base” Estimated
Time of Arrival (ETA) provides the most consistent comparison, since the same “Base’
ETA applies to any given shipment regardless of which scheduling option is currently in
effect. The“Base” ETA is calculated for each shipment based on a shortest path assign-
ment with all dual prices set to zero, which usually gives the fastest possible transit time.
Thisisthe same as the original trip plan developed under Scenario 2, the uncapacitated

dynamic network, in which train segment dual prices are never adjusted.
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A second possible basis of comparison is relative to the shipment’s committed
delivery target time:
. In Scenarios 1 and 2, the committed delivery target time does not exist, so transit
time comparisons are only performed relative to “Base” ETA'S.
. In Scenario 3, the original trip plan ETA is captured after DCS has restored feasi-
bility. Although the same dynamic network is used in Scenario 2, segment dual prices are
adjusted and train capacity constraints enforced in Scenario 3: so the committed delivery
target time can be different from the Base ETA.
. In Scenario 4, the committed delivery target timeis based on either TSP dual
prices, or the original DCS ETA, whichever is later, as described in Section 4.6.

Performance comparisons relative to the committed delivery target time will be
performed in Section 5.5.2.

Figure 5.12 shows the transit time distribution relative to “ base” transit time for
each of the four car scheduling scenarios. This shows Scenario 4 performsbest by termi-
nating 10,069 cars at their base transit times, versus only 7,365 carsin Scenario 1. The
Scenario 4 simulation also produced the “tightest” transit time distribution yielding a
maximum three day spread versus base ETA.

. The transit time distribution from Scenario 1 has along tail of seven days, resulting
from the fixed table-based blocking algorithm’s inability to find alternative paths around
train segment capacity constraints (see Table C.1 in the Appendix.)

. Mixed results were obtained from Scenario 2, where transit time improved for most
shipments, but some shipments suffered where excessive traffic was concentrated onto a
few links without regard to train capacity. If a particular path offers the most rapid transit
time, al carswill be routed that way, regardless of volume or train segment capacity. If the

path is already saturated, more cars only worsen the train capacity overflow and increase
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the delay time. Uncapacitated shortest path routing in Scenario 2 can be even more
“myopic” than fixed table based blocking, since the transit time distribution has an 11 day
tail, the widest spread of any scenario (see Table C.2 in the Appendix.)

. The transit time distribution for Dynamic Car Scheduling in Scenario 3 is strongly
dependent on the hourly equipment cost. The worst case spread isa 5 day delay but the
distribution is very “tight” for the more expensive equipment types (see Table C.3.)

. The Scenario 4 transit time distribution is very “tight” with a maximum delay of
only 3 days beyond the base, which is strongly influenced by penalty cost, but not by
hourly equipment cost. (see Tables C.4 and C.5 in the Appendix.)

Figure 5.12 - Transit Time vs Base Delivery
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Figure 5.13 shows the average hourly cost of shipments as afunction of days deliv-
ered later than base ETA. In uncapacitated Scenarios 1 and 2, transit timeis essentially
independent of hourly cost, but in capacitated Scenarios 3 and 4, the distribution is skewed
to produce more rapid transit times for expensive shipments, and longer times for lower

cost shipments. The delayed shipments have a very low average cost per hour.
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Table C.4 in the Appendix shows that transit time distribution in Scenario 4 is not
as strongly correlated with hourly cost compared to Scenario 3, since some inexpensive
cars are treated as priority shipments, athough some influenceis still clearly apparent. The
correlation in Scenario 4 is much stronger with penalty costs, as shown in Table C.5.
Figure 5.14 shows how a higher proportion of shipments with high penalty costs are
delivered by the Base ETA. The number of cars with high penalty costsisarelatively small
proportion of the total, but service reliability on these shipmentsis excellent. As shownin
Table C.5, no shipment having a penalty cost greater than $500 was delivered later than its

base time. The vast mgjority of cars delivered later than base had penalty costs under $100.
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Figure 5.15 shows the average penalty cost for each scenario as afunction of the
number of days delivered later than base time. In Scenario 4, cars delivered later tend to
have lower penalty costs. In the other scenarios, delivery timeisindependent of penalty
cost. The average cost increase on day 4 in Scenario 3 appears to be a statistical aberra-
tion resulting from avery small sample size. These 183 cars have a very low average

cost per hour of only $3. The penalty cost is not used in Scenarios 1,2 or 3.

5.5.2 Transit Time Comparisonsversus*“ Commitment ETA”

Using a“Commitment ETA,” performance is compared to a customized delivery
time for each shipment. Thus, if the rail carrier anticipates a delay as part of the initial
booking process, and the customer agrees to it, the delivery commitment for that particu-
lar shipment can be extended. This measurement is only developed for scenarios 3 and 4.

The carrier would only propose postponing a delivery appointment time if the
shipment is not exceptionally profitable and if the carrier believes the customer has a
high probability of accepting the delay, as described in Section 3.4. Table C.7 shows the
number of days by which the transit time was extended in Scenario 4 (relative to base
time) when a new shipment called in. Very few cars with penalty cost greater than $300
had any time added to their service offer. No shipment had more than 3 days added. In
the vast majority of cases, cars with extended delivery commitments had penalty cost
less than $100, and the Base ETA was only extended by one day.

In Scenario 3, often the Dynamic Car Scheduling process can anticipate a ship-
ment delay at the time of original booking. In Table C.6, 10,568 cars were delivered on
or before their initial trip plan ETA's, versus 8,732 cars delivered by their base transit
timesin Table C.3. Thisimprovement of 1,836 cars represents cases where the delayed
delivery was anticipated up-front by DCS, and the initial trip plan ETA was captured at

the time when the shipment first called in. This produces an 84% overall on time delivery
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rate, improved from 69% when delivery timeis predicted just using Base ETA. The on

time delivery percentage improves because the DCS planning algorithm can predict

capacity-caused delays which are not seen by current car scheduling processes.

Table 5.2 shows service performance relative to TSP commitment  in the Scenario

4 simulation. It should be apparent that the simulated transit time distribution is extremely

“tight.” Almost al transit time variability wasincurred by cars having low penalties|ess

than $100. Large penalty costs are not required: using the improved DCS logic described

in Section 5.6, small penalties on the order of $100 are generally sufficient to hold a

shipment on schedule.

Table 5.2 - Performance vs Commitment by Penalty Cost for Scenario 4

Penalty Row
Cost Summary
$0-$100 8756

$100-$200 1907
$200-$300 854
$300-$400 544
$400-$500 205

$500-600 122
$600-700 55
$700+ 22
Total Cars 12465

Days Early (-) or Late (+) vs Commitment

-2

19

-1

288

0 1 2 3
8006 356 84 11
1900 6

847

544

205

122

55

22

11701 362 84 11

5.6 Simulation Test Results; Economic Performance

Table 5.3 gives the total revenues, contribution and standard errors associated with

each scenario. Revenues and costs are accumulated from all cars reaching their destinations

before the end of the 500 hour simulation. Revenues, of course, are given directly for each
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shipment; costs are accumulated based on the sum of C; jk costs defined for every link
actually traversed. Any link cost adjustments due to dual variables, and penalty costs are
excluded, so that the cost represents the true variable cost of links traversed. This cost can
include atime and mileage cost for each car, afixed cost per car for each classification, and
an hourly cost per car for yard track occupancy. Contribution is the difference between
Revenues and Costs for each terminated car.

Since the same traffic database is used for every scenario, use of these pairwise
correlated observations reduces the error of the difference, as described in Section 5.4. All
contribution differences reported in Table 5.3 are statistically significant to higher than 99%
confidence. Figure 5.16 addresses the question of whether the model has been run for a

sufficiently long duration. Average daily contribution of terminated traffic is plotted as a

Table 5.3 - Contribution* by Scenario

R Contributi Contribution Contribution Difference
evenue ontribution Std Err Difference Std Err

Scenario1l $16,523,980 $12,265,600 $65,044

$319,070  $45,946
Scenario 2 $17,460,490 $12,584,670 $62,768

$955,150 $44,19
Scenario 3 $18,885,560 $13,539,820 $55,812 4

$450,71 $27,078
Scenario4 $18,825,810 $13,990,530 $56,401 0

* Based on 14,101 originated shipments in a 500
hour simulation, with normal train capacities
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function of the run duration in days. Given: Ny = daily contribution on day “k” of a“K”
day simulation, Figure 5.24 graphs:
K
Average Contributiong = 2 M/ K
k=1
Although Figure 5.16 still exhibits avery slight upward trend in average daily
contribution, the average daily contribution value stabilizes as early as seven days into the
simulation, so that further increasing the duration of the simulation beyond 500 hoursis

unlikely to significantly affect the resullt.

Fig. 5.16 - Average Daily Cont
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A more specific measure of statistical convergence focuses on whether the differ-
ences in contribution have attained steady state values. Figure 5.17 shows that these

differences also have attained a steady state: the daily contribution difference associated
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with Scenarios 3 and 4 is reasonably constant beyond simulated day 10. Again, it appears

that extending the simulation would not significantly affect the result.
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One might ask how can these results reflect statistical stability when, according to

Figure 5.7, capacity has been exceeded and enroute inventory continues to accumulate in

Scenarios 1 and 2. The answer liesin the fact that the performance is being measured

based on cars terminated per unit time. Consider the classical queueing problem where

the arrival rate, A, exceeds the service rate, pu. Queue length, represented by enroute

inventory, will continue to increase. However, the output of this queueing systemisin

equilibrium since cars reach their destinations at a constant rate of u cars/day.

Economic results reported here are primarily driven by the increased effective

capacity of the system. From Tables C.1-C.4, the total number of cars reaching their

destinationsis 11,071 in Scenario 1, increasing to 11,595 and 12,602 carsin Scenarios 2
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and 3, respectively. Average revenue and contribution per car, reported in Table 5.4

fluctuates dlightly but does not show major variation across scenarios.

In Scenario 4 the number of terminated cars declines dlightly to 12,465, but

average revenue and contribution per car improves because some unprofitable loads are

rejected. Although load rejection eliminates some revenues, the cost is reduced even more

so that net contribution is maximized in Scenario 4. It isimportant to remember that the

costs used in this network model do not include fixed cost, or even many items com-

monly regarded as incremental costs, such as crew expense. From the perspective of the

model, crew costs would be a fixed charge associated with the existence of atrain which

would not change as afunction of the number of cars on the train.

Table 5.4 - Revenue Ratios by Scenario

Tegr;irr;ating Revenue Contribution Rev/Car  Cont/Car
Scenario 1 11,071 $16,523,980 $12,265,600 $1,493 $1,108
Scenario 2 11,595  $17,460,490 $12,584,670 $1,506 $1,085
Scenario 3 12,602  $18,885,560 $13,539,820 $1,497 $1,074
Scenario 4 12,465  $18,825,810 $13,990,530 $1,510 $1,122

Many railways measure their profitability based on the “ Operating Ratio”:

Operating Ratio = Costs/ Revenues
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To put these model results in perspective, the contribution improvement from
Scenario 1 to Scenario 4 is $13,990,530 - $12,265,600 or $1,724,930. Using Scenario 1
revenue of $16,523,980, a full implementation of the Dynamic Car Scheduling process
with service commitments would produce a better than 10 point improvement in arail
carrier’s operating ratio.

Of course, the Scenario 1 result might be made to look better through the provision
of additional train capacity to increase the number of cars reaching their destinations,
which might cost less than the additional revenues gained. However, offsetting this, poten-
tial revenue increases and traffic gains for improved service quality are not included in the
benefits of scenarios 3 and 4; nor are related cost savings included from operating a
capacity balanced, scheduled railroad: such as better crew and asset utilization, and a
reduction of unplanned extra and second section train starts.

Figure 5.18 shows the effect of varying train capacity on the contribution of each
scenario. Train capacity, rather than traffic, was varied so that the traffic data base would
remain identical across all scenarios. This allows performance comparison using “pairwise
correlated” observations to reduce statistical sampling errors. Train capacity on every
segment is scaled up or down by a uniform percentage across the board; this alows a
sensitivity analysis to be performed on the effect of varying train load factors, while till
maximizing statistical comparability across scenarios. The experimental results seemed
“well behaved” since within each scenario, as capacity increased, contribution also in-
creased. Comparisons across scenarios also turned out as expected, with the current rail-
road “Base Case” Scenario 1 performing worst, and Scenario 4 performing best at all

capacity levels, with other scenarios exhibiting performance intermediate to these two.
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Figure 5.19 shows the enroute inventory for the five reduced capacity scenarios.

Scenarios 1 and 2 have already exceeded capacity in the basic 100% capacity case, SO no

purpose would be served by reducing capacity by more than 15%. In Scenario 3 at the 85%

capacity level, the required CPU timein Table 5.5 increased so dramatically that no further

Table 5.5 - Capacity versus CPU Seconds*

% Capacity

115%
100%
85%
70%

* CPU Seconds do not match exactly those previously reported in Chapter 4
due to the following: (1) Chapter 5 runs were performed on a different machine
(2) Minor DCS enhancements were performed during Chapter 5 testing (3) In
Chapter 5, TSP was run with Primal Heuristic turned "off."

2518
7627
65142
N/A

211

2272
3713
5640
6909

40204
47771
54847
60754

Scenario 3 DCS Scenario 4 DCS Scenario 4 TSP




Fig 5.19 - Enroute Inventory in Reduced
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capacity reductions were attempted, although enroute inventory was still stable. In
Scenarios 1-3, three ssimulations each were performed using multiplier factors of 85%,
100% and 115%. Since traffic can be rgjected in Scenario 4, alarger capacity reduction
could be attempted, using multiplier factors of 70%, 85%, 100% and 115% in Scenario 4.
Summarizing these results, Scenario 4 dominates all the others by producing the
greatest profit at any train load factor. Utilizing TSP delivery target times and penalty
costs seems to improve the computational performance of DCS. The combined TSP-DCS
process generates the most profitable shipment routing, improves the efficiency of the real
time DCS process and operates more reliably across awider range of train load factors
than does DCS by itself. In Figure 5.19, increasing enroute inventory in the 70% Scenario
4 run seemsto suggest that this ssmulation has not attained a steady state. As traffic
congestion continues to build, the TSP algorithm will eventually begin to reject more

traffic so that this Scenaro 4 simulation will, once again, eventually attain a steady state.
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5.7  Two Special Rolling Horizon Scenarios

Two special run options will be presented in this section. First, the impact of
implementing an “a” overbooking coefficient in the Train Segment Pricing model will be
explored. Second, a set of simulation results will be presented to develop the possibility
of utilizing the Dynamic Car Scheduling algorithm on a stand-alone basis (without TSP)
to implement atwo tier high /low priority traffic scheme.

Figure 5.20 shows the results of a series of simulations designed to test the impact
of using an “o” overbooking coefficient, as proposed in Section 3.6, in the Train Segment
Pricing model. The “a” coefficient was varied in the range o=.40, .50, .60 and across the
full range of train capacity scaling coefficients .70, .85, 1.00 and 1.15 to seeif the impact
might be affected by train load factor. As Figure 5.20 shows, varying the value of the “a”
coefficient had essentially no impact on the result of the rolling horizon simulation with
differences in most cases statistically insignificant at the 85% confidence level. A few

comparisons had statistically significant, but small differences. These comparisons

Figure 5.20 - Overbooking Coefficient vs Contribution
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suggested that the optimal alpha value was in the neighborhood of o= .50, which produces
essentially the same result as using actual train capacity directly in the Train Segment
Pricing model without any adjustment.

Much stronger results were obtained from atest of the Dynamic Car Scheduling
algorithm, where penalty costs were added to improve the performance of a priority subset
of traffic. These test results show that substantial benefits can be obtained by simply
implementing the Dynamic Car Scheduling process by itself. It is not necessary to fully
implement areal time reservations process to get some of the benefits of Dynamic Car
Scheduling.

The “stand alone” tests (Scenario 3) of DCS in the previous section did not include
any penalty costs. In those tests, the DCS program determined shipment priority based
solely on hourly cost. Table C.6 shows that nearly all the expensive shipments were
delivered on time anyway, but performance is not perfect: 52 carsin the $10-11 range were
delivered one day late, as were 61 carsin the $11-12 range.

The question is whether these late deliveries could be eliminated? Table C.8
confirmsthat it isindeed possible to eliminate all the late deliveries of expensive cars,
through application of penalty coststo all cars costing more than $10 per hour. This use of
penalty costs reinforces the Dynamic Car Scheduling algorithm’s natural tendency to favor
expensive car types.

A more difficult challengeis to induce the DCS agorithm to prioritize shipments
based on some criteria other than hourly cost. The logit priority coefficient defined in
Section 3.4 was selected as a direct measure of the service sensitivity of the customer.
Table C.9 shows that, in the Scenario 3 base case, performance is essentially uncorrel ated

with the logit priority coefficient.
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The objective of the test was to see whether the DCS a gorithm could be induced to
eliminate late deliveries to the most highly service sensitive customers, regardless of
shipment hourly cost. Table C.10 shows that, after application of penalty costs, all the late
deliveries on high priority shipments (having logit coefficient less than 2) were completely
eliminated. This use of penalty costs forces the Dynamic Car Scheduling process to priori-
tize shipments along a dimension which is completely independent of its normal inclination,
which isto prioritize on the basis of hourly cost. The result is significant since it shows that
transit time on any shipment can be controlled in the Dynamic Car Scheduling process,

through application of the appropriate penalty cost.
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CHAPTER 6

Summary and Conclusions

6.1  Evaluating the Research Contribution

This research develops a novel method of managing day to day railroad network
operations. It develops two new models and solution algorithms for implementing areserva
tions-based, capacity constrained car scheduling process on freight railroads.

Relatively few applications of Lagrangian Relaxation to multi-commaodity network
flow problems were found in our literature review. The devel opment of an LR-based dual
ascent heuristic for a specialized MCNF problem, using a “tabu search” approach to combat
degeneracy, represents a contribution to the mathematical programming literature as well asto
the related transportation literature.

While“gain” coefficients are often found in mathematical formulations of electrical
and communications network problems, their use is less common in transportation network
applications. The primary exception might be certain types of manufacturing logistics prob-
lems where gain coefficients could be used to represent transformation of material flows
within the model. This formulation of arail freight yield management problem using gain
coefficients to represent customer acceptance probabilitiesis anovel contribution to the

transportation literature.
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6.2  Usability of the Research and its Value to Railroads

The research develops practical solution algorithms for very large scale, real world
railroad shipment routing problems. A key moativation of the design of these algorithmsisto
make them readily adaptable to large scale parallel processing architectures. For example,
the Train Segment Pricing formulation decomposes the problem into literally thousands of
independent subproblems which could each be assigned to their own processor. Parallel
processing can also be employed in the Dynamic Car Scheduling algorithm in diversion cost
calculations and in the reassignment of diverted flows. This ability to utilize large scale
parallel processing ensures the scalability of the mathematical approach, to encompass the
full networks of the large mega-carriers resulting from the recent round of United States
railway mergers.

Rolling horizon testing of the two proposed algorithms has established not only the
technical feasibility of implementing an advanced car scheduling system, but projected that
full implementation of this system might improve arail carriers operating ratio by more
than 10 points. This estimate was developed on the basis of direct operating savings and
revenue increase through improved train capacity utilization, not taking any “soft” revenue
or market share gains related to improved transit time reliability into account. However, it
should be clear that the primary motivation of this research has not been solely to reduce
operating cost, but to develop a better management tool which allows railroads to directly
control service reliability and match both transit time and reliability to the requirements of
the individual customer. The goal isto allow railroads to be more competitive in attracting
high revenue, service sensitive traffic without requiring the very high traffic volumes

needed to establish a dedicated train service network.
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It should also be pointed out that the projected 10 point operating ratio improvement
is not due solely to the implementation of this car scheduling procedure by itself. Implicitly
assumed here isthe ability to run trains on time, and that yards can make connections as
scheduled. Thisisnot entirely an unreasonable assumption and would be facilitated by
moving towards a preplanned, scheduled train operation and discontinuing certain practices
disruptive to terminal operations, for example, annuling atrain after it has already been
built. The operational framework proposed here allows for a considerable degree of opera-
tional flexibility but changes must be implemented on a preplanned basis, preferably with
24-36 hours lead time for manifest train service. Somewhat less lead time would be re-
quired in intermodal because terminal operations are more flexible.

The primal heuristic proposed as part of the TSP process can be used to calculate a
forward workload projection to form the basis of a flexible operations planning tool. How-
ever, to achieve the full 10 percent improvement will also require investment in related
planning and control systems including demand forecasting, schedule-adherance based train
dispatching, and improved terminal planning and control systems. With investment in
comprehensive decision support systems, the projected 10 percent improvement does not
seem unreasonable, and even larger gains might be possible.

Rail carriers should consider implementing the DCS and TSP algorithms as an
integrated package rather than DCS by itself. Computational testing has shown that DCS
both runs faster and tends to produce a higher quality solution when used in conjunction
with TSP target times and penalty costs. Initially, TSP delivery times can serve asinterna
delivery targets only, until such time that a carrier gains sufficient confidence to begin

sharing these ETA projections with customers.
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Over alonger term, a service commitment process could be established with the
objective of being able to give customers firm delivery appointments on most traffic.
Scheduling of pickup and delivery appointmentsis already standard practice in the trucking
industry, and this systems improvement would allow railroads to do businessin the same
manner. Real time service commitment should be integrated into the rail carriers capacity
management system. If alarge shipment callsin which was not predicted, or conversely a
predicted large shipment fails to materialize this event should be intercepted by the booking
program and routed for manual intervention. This manual review should consider the
possibility of adding additional train capacity to accommodate the demand without having

to raise the TSP segment price too high, and end up rejecting other shipments later.

6.3  FutureResearch Possibilities

A primary objective of this research has been to develop a dynamic car scheduling
capability beyond the conceptual stage into an operational prototype system. However, the
concept still requires more incubation beforeit isready for full scale implementation. There
are opportunities for further technical improvements to the car scheduling process, also,
more research is needed to address systems integration issues and to develop the true costs
and benefits of implementation. Projected economics, however, will likely be specific to
each individual rail carrier, and will depend on that particular carriers’ past and current
operating practices as well asits regulatory and marketplace environment.

A priority areafor research should focus on a more accurate representation of the
effect of dynamic capacity management on system performance. A fixed capacity network
was assumed here, primarily because the rules for varying train capacity are likely to be
very complex, are difficult to concisely code into a computer program and may also vary

across the four car scheduling scenarios. Fixed table based blocking cannot adjust car
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routing patterns in response to stochastic demand fluctuations, so this system requires
frequent manual intervention to better adjust train operations to demand, or else alot of
excess capacity must be built into the system.

These interventions exact a price in terms of increased operating cost and also
degrade service reliability — particularly if intervention is performed on areactive rather
than proactive basis. While the economics of the current operation might be more accu-
rately assessed by a more detailed simulation of flexible operating policies, the Dynamic
Car Scheduling scenarios would also benefit from the ability to make flexible capacity
adjustments — although specific procedures for triggering adjustments to the operating plan
would likely be much different than today’s.

One possible research direction could explore demand forecasting, and demand-
responsive operation of flexible capacity networks utilizing advanced car scheduling ap-
proaches. It would explore the impact of implementing alternative strategies for operation
of extratrains, second sections, bypass trains, annulments, or consolidations, and their
impact on utilization of locomotives, crews and track capacity sotsin real time. This
research might include the development of areal time *“gaming” simulation, which could be
used to explore human factors issues and also as a training environment for operations
center personnel.

A second research direction would be to improve the optimization algorithms
themselves. This might include simultaneous optimization of empty and loaded movements
on a space/time network, and the adoption of atrue stochastic network model formulation.
Thiswould be a highly mathematical and computationally intensive line of research.

A third direction would be the development of improved management systems for

intermodal and rail terminal operations. The only known published terminal operations
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model compatible with the kind of dynamic car routing proposed here is the work by Kraft
and Spielberg [1993]. Thismodel was further developed on a proprietary basis by Kraft for
the Union Pacific Railroad [1995].

A fourth and final direction for research would be to revisit the literature on Service
Design techniques. Nearly all of this literature assumes afixed, tag-table based shipment
routing strategy. However, under a dynamic routing scenario, block and train volumes
might behave quite differently than these fixed table-based blocking models assume. A new
set of tools may need to be devel oped to optimize the Service Design function in a dynamic

car scheduling environment.
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Appendix A

Example Problems of Dynamic Car Scheduling and
Train Segment Pricing, from Chapter 4

Appendix A gives several test examples pertaining to discussion in Chapter 4. The
first four examples are very simple test problems used in the construction of Figure 4.8.
These examples compare the performance of various combinations of Sweep Up/Sweep
Down and Look Ahead/No Look ahead logic. Figure 4.8 shows that the Look Ahead defi-
nitely improves the performance of the Dynamic Car Scheduling algorithm, but is unable to
conclude that any sweep direction is better than the other. The resolution of thisissue will
have to await rolling horizon simulation testing in Section 4.4.7.

FiguresA.5 through A.9 present avery simple “toy” test problem subsequently used
in figures A.10 through A.13 to demonstrate the steps of the Dynamic Car Scheduling
algorithm. Figures 5.2 and 5.3 in Chapter 5 aso pertain to this same test problem.

Figure A.14 demonstrates how the Subgradient Step Size procedure flips traffic
flows back and forth without ever converging to afeasible solution. Surprisingly, in spite
of this behavior the Step Size procedure is still able to adjust the dual variablesto derive a
tight lower bound. In this example we terminated the procedure after 10 iterations, by

which time the duality gap had tightened to less than 1%.
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The space/time network of Figure 4.6 isutilized inall four FiguresA.1- A.4. Each
segment has a capacity of 10 cars, which includes “overhead” A-C traffic carried on the
thru block. These examples are referenced from Section 4.4.3 of the dissertation.

The train service network, yard costs and origin-destination demands shown in the
following FiguresA.5-A.9 are used in test examplesA.10 - A.13.

In FiguresA.5 and A.6, Trains R123 (eastbound) and R134 (westbound) operate
between stations #1 and #4, with an intermediate pickup and setout at location #2, bypass-
ing location #3. Trains R556 (eastbound) and R557 (westbound) shuttle between locations
#4 and #5. Location #4 is an intermediate classification yard where a connection must be
made. The XPRS train is never used.

Local trains are specified by their symbols, locations, departure and arrival times as
in Figure A.7. The main distinction is that local trains only serve customers at one location.
Currently, only local trains can originate and terminate traffic. However, it would not be
difficult to enhance the traffic input process to allow road trains to serve customers directly,
or to allow more than one local train to serve the same customer.

The Yard Cost file, shown in Figure A.8, gives the fixed and variable cost per hour
associated with terminal handling costs at each yard.

The Raw Demand filein Figure A.9 lists all origin to destination flows. For clarity,
only eastbound flows are included in the test examples. The origin node is specified by
location, originating local symbol and time. The destination node is specified only by
location and terminating local symbol: the Dynamic Car Scheduling algorithm is permitted
to choose the delivery time. The hourly cost depends on the car type used and the value of
the commaodity shipped, so it must be separately specified for every flow. Finally the
number of carsin the shipment islisted. Length and tonnage of each individual shipment

are planned for a future enhancement.
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Fig. A.1: First Look Ahead Example

| o E
2 OliVCOst E E

(A) Sweep Up.

(1) Apply $24 increase to B4, drive off 4 cars excess from local B-C block
(2) Apply $24 increase to A4, drive off 2 cars excess from thru A-C block

In this feasible solution, B has been "overcorrected” by 2 cars

(B) Sweep Up with Look Ahead.

(1) Apply $24 increase to B4, drive off only 2 cars from local B-C block
(2) Apply $24 increase to A1, drive off 2 cars from thru A-C block

Produces a feasible, optimal solution
(C) Sweep Down

(1) Apply $48 increase to A4, driving off 2 cars from thru A-C block
(2) To repair segment B4, a further two cars can be driven from A-C block
without requiring any further price adjustments

This solution leaves Aq overcorrected by 2 cars.

(4) Sweep Down with Look Ahead

(1) Bypass A4, because joint traffic with downstream Bq exceeds Aq overflow.
(2) Apply $24 increase to Bq, drive off 4 cars excess from local B-C block
(3) Apply $24 increase to A4, drive off 2 cars excess from thru A-C block

In this feasible solution, B1 has been "overcorrected” by 2 cars
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Fig. A.2: Second L ook Ahead Example

A B C
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(A) Sweep Up.

(1) Apply $48 increase to B1, drive off 2 cars excess from thru A-C block
(2) To repair segment A4, a further two cars can be driven from A-C block
without requiring any further price adjustments

In this feasible solution, B has been "overcorrected” by 2 cars

(B) Sweep Up with Look Ahead.

(1) Bypass B1, because joint traffic with upstream A4 exceeds Bqoverflow.
(2) Apply $24 increase to A4, drive off 4 cars excess from local A-B block
(3) Apply $24 increase to B4, drive off 2 cars excess from thru A-C block

In this feasible solution, Aq has been "overcorrected” by 2 cars

(C) Sweep Down

(1) Apply $24 increase to A4, drive off 4 cars excess from local A-B block
(2) Apply $24 increase to B1, drive off 2 cars excess from thru A-C block

This solution leaves Aq "overcorrected" by 2 cars

(4) Sweep Down with Look Ahead

(1) Apply $24 increase to A1, drive off only 2 cars from local A-B block
(2) Apply $24 increase to B4, drive off 2 cars from thru A-C block

Produces a feasible, optimal solution
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Fig. A.3: Third Look Ahead Example

w
e

(A) Sweep Up.

(1) Apply $48 increase to B1, drive off 4 cars excess from thru A-C block
(2) Segment A is "fixed" and does not require any further adjustments

Produces a feasible, optimal solution
(B) Sweep Up with Look Ahead.

(1) Apply a $48 increase to B, but only divert 2 cars.
(2) To repair segment A4, a further two cars can be driven from A-C block
without requiring any further price adjustments

Produces a feasible, optimal solution
(C) Sweep Down

(1) Apply $24 increase to A4, drive off 2 cars excess from local A-B block
(2) Apply $24 increase to B1, drive off 4 cars excess from thru A-C block

This solution leaves A4 "overcorrected" by 2 cars

(4) Sweep Down with Look Ahead

(1) Bypass A1, because joint traffic with downstream B1 exceeds Aqoverflow.
(2) Apply $48 increase to B4, drive off 4 cars excess from thru A-C block
(4) Segment A4 is "fixed" and does not require any further adjustments

Produces a feasible, optimal solution
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Fig. A.4: Fourth Look Ahead Example
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(A) Sweep Up.

(1) Apply $24 increase to B4, drive off 2 cars excess from local B-C block
(2) Apply $24 increase to A4, drive off 4 cars excess from thru A-C block

This solution leaves B4 "overcorrected" by 2 cars

(B) Sweep Up with Look Ahead

(1) Bypass B4, because joint traffic with upsttream A4 exceeds Bqoverflow.
(2) Apply $48 increase to A1, drive off 4 cars excess from thru A-C block
(3) Segment B4 is "fixed" and does not require any further adjustments

Produces a feasible, optimal solution

(C) Sweep Down.

(1) Apply $48 increase to A4, drive off 4 cars excess from thru A-C block
(2) Segment B is "fixed" and does not require any further adjustments

Produces a feasible, optimal solution
(D) Sweep Down with Look Ahead.

(1) Apply a $48 increase to Aq, but only divert 2 cars.
(2) To repair segment B4, a further two cars can be driven from A-C block
without requiring any further price adjustments

Produces a feasible, optimal solution
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Figure A.5: Train Service Network used in Test Examples

CR123 D~ 03 03

01000 0 s _
2 10500 100 10 Train Symbol
4—20 150 0
1 Blocks Carried:
% From/To Location
3
4 # Schedule Records/
2 11800 50 # Block Records
1 20200 150
2 1 Days of Week
4 1 Operated
4 2

R556 YNNYYYY 02 01

g4>mnng 0—46 Station Location #
10500 75 0

4 5 Time DHHMM
R557 NYYYY_02-6
5 Q1000 0 (10 Train Capy (Cars)
4 10500 75 0 Seg 5->4
5 4
XPRS NNNNNMNN_03 02 )
1 01200 10 Cum Miles from
4 11230 0 First Location
5 21800 0
1 5
1 yal

Figure A.6: Train Service Blocking Network

R134 R557

R123 R556
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Figure A.7: Local Trainsfor Test Examples

;;0 11530 Train Symbol

Departure Time DHHMM

Arrival Time DHHMM

20730 21530 Station Location #
30730 31530 from which Local
40730 41530 Operates

60730 6153Q
LCL4 04 @ How Many Days
10730 11530 per week operated
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Figure A.8: Yard Cost File

Station Location #
.5
5

25 . Fixed Cost
4 @;5;)"(
5 25 (S

Variable Cost/Hour

Figure A.9: Raw Demand
File

Origin  Origin Origin Time Termin Termin # of Hourly
Local Location DHHMM Local Location Cars Cost

Serpim dee

LCL1 01 11530 LCL5 05 03 0.50
LCL2 02 11530 LCL5 05 21 0.95
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Fig A.10: Sweep Up with L ook Ahead:
10 Cars Capacity

Initial Shortest Path Assignment
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Fig A.10
(ctd)

Iteration #2

O & O ©

Remove 3 out of
11 excess cars
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Fig A.10 (ctd)
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Fig A.10 (ctd)

Iteration #6

]
Reduce 3 cars
at zero cost

Iteration #7

4 cars, increase
price 24.00
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Iteration #8 Fig A.10 (ctd)
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Fig A.10 (ctd)
Iteration #10

© @ @ )

C
C \%— Divert 1
)?;x ) car at zero

Iteration #11

C
C\L\\jo\( Divert 1 car
Increase
(27-84 >

q cost by

//
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Fig A.10 (ctd)
Iteration #12

© @ @ ()

) q | Divert1
)\(K car
)\27;84\< ) at Zero

Iteration #13

Optimal
Solution:
Z* =8734.38
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Fig A.11: Sweep Down with L ook Ahead:
10 Cars Capacity

Initial Shortest Path

Reduce 2 cars
at Cost 24.00 24

Iteration #1
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lteration #2

caratO
cost

lteration #3

Reduce 1
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Fig A.11 (ctd)

ORENO
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Fig A.11 (ctd)
Iteration #6
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Fig A.11 (ctd)

Iteration #8
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Fig A.11 (ctd)
Iteration #10

O @ (&) ()
C .
C @ — Divert 7 cars
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Fig A.11 (ctd)
lteration #12

O & O ©
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at zero cost

lteration #13
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Divert 1
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zero cost
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Fig A.11 (ctd)
Iteration #14
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S 10
7. )

—®
®
©

5

Optimal
Solution:
Z* =8734.38
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Fig A.12: Sweep Up with L ook Ahead:
6 Cars Capacity

OO

Initial Shortest Path Assignment

®
—©

21
15

f

10

24

First Feasible Solution

Z*  =9761.34
Zpy = 9394.14

Gap =3.91%
u=421.44

269



Second Feasible Solution

Z* =9729.18
Zpy = 9463.98
Gap = 2.80%
u=442.56

O ©®
G
C
6
%

[/

270

Fig A.12 (ctd)




Fig A.12 (ctd)

Third Feasible Solution

O & O ©

Z* =9903.18
Zpy = 9479.10

Best Gap = 2.63
u= 447.59
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Fig A.13: Sweep Down with L ook Ahead:
6 Cars Capacity

Initial Shortest Path

Assig@t
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First Feasible Solution

Z* =9954.30
Zpy = 9379.50
Gap =6.13%
u=362.40
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Fig A.13 (ctd)
Second Feasible Solution

O & @ © ©

7+ =10117.98
Zpy = 9280.86

Best Gap = 6.13%
u=428.64
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Fig A.13 (ctd)
Third Feasible Solution

O & O ©

7* =9680.46
Zpy = 9056.22

Best Gap = 3.21%
u=514.56
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Eleventh Feasible Solution

7+ =12393.90
Zpy = 7506.54

Best Gap = 3.219
u=1424.16
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Fig. A.14: Standard Step Size Procedure Failsto
Solve Linear Network Flow Problems
But Can Still Produce a Tight Lower Bound

Initial Solution
Top Route: Cost $10

Flow 15 units Capy 10 units

>

Zpy = (15)(10) = $150 Bottom Route: Cost $12
Flow 0 units Capy 10 units

Optimal Solution
will not be reached following
stepsize procedure
Top Route:

Cost $10 + $ 2 adjustment = $12

Flow 10 units Capy 10 units

>

Z* = (10)(10) + (12)(5) = 160 Bottom Route: Cost $12 _
Gap = (160 - 150) /160 = 6.25% Flow 5 units Capy 10 units

Cost Adj #1 w Stepsize = $0.50

Top Route:
Cost $10 + (5)(.50) =$12.50
Flow 0 units Capy 10 units

Zpy = (15)(12) - (10)(2.50) = 155 Bottom ROl_Jte: Cost $12 -
Gap = (160 - 155) /160 = 3.125% Flow 15 units Capy 10 units
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Fig. A.14 (ctd)

Cost Adj #2 w Stepsize = $0.50

Top Route:

Cost $12.50 - $2.50 = $ 10
($2.50 is the most that can be
subtracted due to neg deviation)
Flow 15 units Capy 10 units

>

Zpy = (15)(10) - (10)(2.50) = 125

Bottom Route:
Cost $12 + (5)(.50) = $14.50
Flow 0 units Capy 10 units

Cost Adj #3 w Stepsize = $0.50

Zpy = (15)(12) - (10)(2.50) = 155

Top Route:
Cost $10 + (5)(.50) = $12.50
Flow O units Capy 10 units

Bottom Route:

Cost $14.50 - $2.50 = $12
($2.50 is the most that can
be subtracted)

Flow 15 units Capy 10 units

Note this is the same outcome as Step #1, reduce step size to $0.25

Cost Adj #4 w Stepsize = $0.25

>

Zpy = (15)(10) - (10)(1.25) = 137.5
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Top Route:
Cost $12.50 - (10)(.25) = $10.00
Flow 15 units Capy 10 units

Bottom Route:
Cost $12.00 + (5)(.25) = $13.25
Flow 0 units Capy 10 units



Fig. A.14 (ctd)

Cost Adj #5 w/Stepsize = $0.25 Top Route:
Cost $10.00 + (5)(.25) = $11.25
Flow 15 units Capy 10 units

>

Zpy = (15)(11.25) - (10)(1.25) = 156.25  Bottom Route:

Gap = (160 - 156.25) /160 = 2.34 % Cost $13.25 - $1.25 = $12.00
($1.25 is the maximum reduction)

Flow 0 units Capy 10 units

Cost Adj #6 w Stepsize = $0.25 Top Route:
Cost $11.25 + (5)(.25) = $12.50
Flow 0 units Capy 10 units

Zpy = (15)(12) - (10)(2.50) = 160 Bottom Route:
Cost $12.00
Flow 15 units Capy 10 units

Cost Adj #7 w Stepsize = $0.25 Top Route:
Cost $12.50 - (10)(.25) = $10.00
Flow 15 units Capy 10 units

>

Zpy = (15)(10) - (10)(1.25) = 137.5 Bottom Route:
Cost $12.00 + (5)(.25) = $13.25
Flow 0 units Capy 10 units

Note this is the same outcome as Step #4, reduce step size to $0.125
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Fig. A.14 (ctd)

Cost Adj #8 w Stepsize = $0.125 Top Route:
Cost $10.00 + (5)(.125) = $10.625
Flow 15 units Capy 10 units

>

Zpy = (15)(10.625) - (10)(.625) = 153.125 Bottom Route:
Cost $13.25 - (10)(.125) = $12.00
Flow 0 units Capy 10 units

Cost Adj #9 w Stepsize = $0.125 Top Route:
Cost $10.625 + (5)(.125) = $11.25
Flow 15 units Capy 10 units

>

Zpy = (15)(11.25) - (10)(1.25) = 156.25 Bottom Route:
Cost $12.00
Flow 0 units Capy 10 units

Cost Adj #10 w Stepsize = $0.125 Top Route:
Cost $11.25 + (5)(.125) = $11.875
Flow 15 units Capy 10 units

—

Zpy = (15)(11.875) - (10)(1.875) = 159.375 Bottom Route:

Gap = (160 - 159.375) /160 = 0.39 % Cost $12.00 _
Flow 0 units Capy 10 units

279



Appendix B

Adapting Kwon's[1994] Test Problem for the Rolling
Horizon Simulation

This Appendix describes how Kwon's problem was adapted for the Rolling Hori-
zon simulation testing of Chapter 5.

Appendix B of Kwon's[1994] dissertation gives atest problem containing 12
terminals and one weeks' traffic consisting of 1250 shipments. Several inconsistencies

were noted in Kwon's data set:

. Some trains had extra stations where they neither picked up nor set off cars. To
avoid creating unnecessary train route segments, these extra stations were removed from
the input train schedules.

. A few blocks were assigned to trains not serving those locations. In particular, no
schedules were given for train 809 between stations 3-1, nor for train 908 between 9-10.
Any blocks carried on 809 or 908 between these points were dropped from the input file.

. There are some inconsistencies between Kwon’s traffic data base and his reported
train load factors. Kwon reported train load factors between 5%-40% between stations 4-5

on train 261, however, the traffic data base has no shipments terminating at station 5. Since
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station 5 is at the end of the line, our simulation gives a zero load factor for thistrain. It is

impossible to know if any other shipments are missing from the published traffic data set.

Several input data items required by our model are not available in Kwon's test
data. Cost per hour, revenue per car and priority coefficient were randomly generated for

each shipment by sampling from a uniform distribution:

. Cost per hour = U($2,$12)
. Revenue = U($1000,$2000)
. Logit Coefficient for Acceptance Function = U(1,5)

In Kwon's problem, traffic is always specified as an integral number of cars, and
the same traffic pattern is repeated across many different origin destination pairs. In area
problem, such uniformity would be unlikely. To make the test problem more redlistic,
Kwon's original traffic flow values were randomized by selecting new values from a
uniform distribution, where “N” is the number of cars specifiedin Kwon's original test
problem and p = U(O,N). This u replaces Kwon's original traffic as the expected number of
cars for each shipment. In the simulation, it is used as input to a random number generator
to determine the actual number of cars each time a new shipment is called in.

Since on average this transformation cuts traffic in half, our “Base Case” train
capacities had to be correspondingly reduced to 60% of Kwon's original value. A full 50%
reduction would have produced a more difficult problem than Kwon’s original test sce-
nario. If capacity were reduced by the full 50%, during peak days, more traffic would need
to be moved than in Kwon’s problem, but afull 50% capacity reduction would not provide
any slack capacity for recovering from such days. Aswell, because portions of trains 809
and 908 had to be dropped, there is good reason to believe that this test problem may

actualy be more difficult than Kwon's.
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Figure B.1, reproduced from Kwon’'s [1994] dissertation (his Figure 6.13, page
181) shows the train segment utilization he obtained. Kwon reported minimum and
maximum, but not average load factors which makes direct comparison difficult. Figure
B.2 shows our result. In Kwon'sanalysis, 17 train segments were fully utilized, at least
on certain peak days. In our base case Dynamic Car Scheduling scenario, our closest
analog to Kwon's model, 19 segments were fully utilized on at least some days, some at
very high average load factors. This supports our assertion that this problem is compa-
rable to, possibly dlightly more difficult than Kwon's original problem.

Individual train load factors for Figure B.2 are reported in Table B.1. At this
detailed level, additional bottlenecks become apparent. Inbound to location 6, train 722
has a 99% load factor even though the overall load factor for segment 7-6 isonly
64.1%. Likewise, train 227 has a 97% load factor although overall loading for segment
3-6isonly 49.1%. Only trains 722 and 227 stop at location 6, the others bypass this
location.

Figure B.3 shows the result of reducing all train segment capacities by 15%. The
effect of thisreduction is discussed in Chapter 5 of the dissertation. Train load factors
related to Figure B.3 are reported in Table B.2.
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Figure B.1 - Train Segment Utilization from Kwon [1994]
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Figure B.3 - Train Capacity Utilization from 10
Dynamic Car Scheduling Scenario #3
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TableB.1 - Dynamic Car Scheduling - Base Case
Individual Train Load Factors

A | B | c | b | E | F | G

1 |Symbol From To Max Capy ActCars # Trns # Full

2 |R162 4 3 1207 1190 17 12
3 |R162 5 4 1207 655 17

4 |R227 3 6 799 778 17 14
5 |R227 6 7 799 688 17 10
6 |R227 7 9 799 458 17

7 |R249 2 1 799 52 17

8 |R249 3 2 799 773 17 13
9 |R261 3 4 1615 196 17

10 |R261 4 5 1615 0 17

11 |R307 7 9 1207 584 17

12 |R307 8 7 1207 1178 17 11
13 [R703 7 8 1207 734 17 2
14 (R703 9 7 1207 804 17 4
15 |R718 9 11 1615 1615 17 17
16 |R718 11 10 1615 977 17

17 |R718 12 9 1615 674 17

18 |R722 6 3 799 357 17 2
19 [R722 7 6 799 773 17 9
20 |R722 9 7 799 784 17 12
21 [R729 3 1 1615 1588 17 12
22 |R729 7 3 1615 1377 17 4
23 [R729 9 7 1615 198 17

24 |R747 9 12 1615 0 17

25 |R757 12 9 1615 77 17

26 |R809 7 3 2023 883 17

27 |R809 9 7 2023 1832 17 3
28 [R809 10 11 2023 1303 17

29 |R809 11 9 2023 1667 17 2
30 |R817 9 12 1615 667 17

31 |R817 10 11 1615 244 17

32 |R817 11 9 1615 575 17

33 [R908 1 3 2023 192 17

34 [R908 3 7 2023 341 17

35 |R908 7 9 2023 528 17

36 |R927 1 3 1615 207 17

37 |R927 3 7 1615 1060 17

38 |R927 7 9 1615 1544 17 8
39 [R942 1 2 799 381 17

40 |R942 2 3 799 776 17 11
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Table B.2 - Dynamic Car Scheduling - Reduced Capacity Scenario
Individual Train Load Factors

A | B | c | b | E | F | G

1 |Symbol From To Max Capy ActCars # Trns # Full

2 |R162 4 3 1020 1014 17 15
3 |R162 5 4 1020 532 17

4 |R227 3 6 663 654 17 16
5 |R227 6 7 663 589 17 12
6 |R227 7 9 663 470 17 4
7 |R249 2 1 663 147 17

8 |R249 3 2 663 659 17 15
9 |R261 3 4 1360 200 17

10 |R261 4 5 1360 0 17

11 |R307 7 9 1020 519 17

12 |R307 8 7 1020 1011 17 16
13 [R703 7 8 1020 689 17

14 |[R703 9 7 1020 937 17 11
15 |R718 9 11 1360 1360 17 17
16 |R718 11 10 1360 858 17

17 |R718 12 9 1360 714 17 1
18 [R722 6 3 663 345 17 3
19 [R722 7 6 663 660 17 14
20 |R722 9 7 663 642 17 14
21 |R729 3 1 1360 1343 17 12
22 |R729 7 3 1360 1277 17 6
23 |R729 9 7 1360 289 17

24 |R747 9 12 1360 0 17

25 |R757 12 9 1360 37 17

26 |R809 7 3 1717 806 17

27 |R809 9 7 1717 1693 17 13
28 |R809 10 11 1717 1240 17

29 |R809 11 9 1717 1593 17 7
30 |R817 9 12 1360 664 17

31 |R817 10 11 1360 249 17

32 |R817 11 9 1360 585 17

33 |R908 1 3 1717 240 17

34 |R908 3 7 1717 452 17

35 |R908 7 9 1717 797 17

36 |R927 1 3 1360 174 17

37 |R927 3 7 1360 941 17 1
38 |R927 7 9 1360 1302 17 5
39 |R942 1 2 663 368 17 1
40 |R942 2 3 663 659 17 16
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Appendix C

Rolling Horizon Simulation Test Results

The following tables present the results of rolling horizon simulation testing of
Chapter 5. ThisAppendix includes all the output tables except for Table 5.2, which

result was so significant that we chose to present it in-line with the text of Chapter 5.
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B

C | D |

E

| F

O[NNI |WIN|F-

Table C.1 - Transit Time Distribution by Hourly Cost for Scenario 1

Cost/Hour Row Summary

o~NOoO ULk WN

9
10
11
Total Cars

Table C.1 - ctd
Cost/Hour

o~NO UGk WN

9
10
11
Total Cars

943
1271
956
1383
1032
1179
1054
979
1121
1153
11071

23
28
29
28
35

56
11
47
263

Days Later than Base ETA

0 1
661 189
840 289
663 139
831 298
640 148
757 175
797 160
608 195
824 151
744 208

7365 1952

Days Later than Base ETA

5 6
2 16
14
1 10
1
10
33 1
19
5
20
2
107 5

WUl N PF o

57
86
92
157
158
139
47
81
77
106
1000

I~

20

23

16
19
23
67
27
30
23
26
36
41
308
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A | B | [ | D | E | F
1 |Table C.2 - Transit Time Distribution by Hourly Cost for Scenario 2
2
3 Days Later than Base ETA
4 |Cost/Hour Row Summary 0 1 2 3
5 2 1010 774 96 77 4
6 3 1275 886 234 89 22
7 4 1014 745 129 110 12
8 5 1405 856 219 214 68
9 6 1100 701 210 100 48
10 7 1280 854 202 111 58
11 8 1088 893 109 50 9
12 9 996 653 153 81 49
13 10 1207 839 179 112 46
14 11 1220 802 182 136 48
15 |Total Cars 11595 8003 1713 1080 364
16
17 |Table C.2 -ctd Days Later than Base ETA
18 |Cost/Hour 4 5 6 7 8
19 2 8 6
20 3 11 14 2 1
21 4 6 9
22 5 33 15
23 6 14 6 3 1
24 7 22 9 4
25 8 18 6 3
26 9 49 6 5
27 10 2 9 8 8
28 11 22 21 1
29 [Total Cars 185 101 26 2 8
30
31 |[Table C.2 -ctd Days Later than Base ETA
32 |[Cost/Hour 9 10 11
33 2 3 24 18
34 3 16
35 4 3
36 5
37 6 11 6
38 7 5 15
39 8
40 9
41 10 4
42 11 8
4 3 |Total Cars 42 53 18
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A | B | C | D | E | F | G |
1 [Table C.3 - Transit Time Distribution by Hourly Cost for Scenario 3
2
3 Days Later than Base ETA
4 |Cost/Hour Row Summary 0 1 2 3 4 5
5 2 965 476 228 117 68 62 14
6 3 1391 670 421 129 58 113
7 4 1107 683 219 164 33 8
8 5 1595 1049 376 150 20
9 6 1196 770 327 99
10 7 1308 970 285 52 1
11 8 1138 815 318 5
12 9 1114 882 230 2
13 10 1372 1252 120
14 11 1416 1165 251
15 |Total Cars 12602 8732 2775 718 180 183 14
A I B I c I D I E I
1 |Table C.4 - Transit Time Distribution by Hourly Cost for Scenario 4
2
3 Days Later than Base ETA
4 |Cost/Hour Row Summary 0 1 2 3
5 2 1039 702 282 44 11
6 3 1413 977 358 70 8
7 4 1125 860 193 41 31
8 5 1607 1266 279 61 1
9 6 1231 926 289 15 1
10 7 1295 1088 182 24 1
11 8 1091 966 119 6
12 9 1033 940 89 4
13 10 1264 1158 98 6 2
14 11 1367 1186 180 1
15 12465 10069 2069 272 55
Table C.5 - Transit Time Distribution by Penalty Cost for Scenario 4
Days Later than Base ETA
Penalty Cost Row Summary # Later % Later 0 1 2 3
$0-$100 8756 1956 22.3 6800 1632 269 55
$100-$200 1907 278 14.6 1629 275 3
$200-$300 854 88 10.3 766 88
$300-$400 544 56 10.3 488 56
$400-$500 205 18 8.8 187 18
$500-600 122 0 0.0 122
$600-700 55 0 0.0 55
$700+ 22 0 0.0 22
Total Cars 12465 2396 19.2 10069 2069 272 55
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Table C.6 - Transit Time Distribution by Hourly Cost for Scenario 3

Days Later than Original Trip Plan ETA

Cost/Hour Row Summary -1 0 1 2 3
2 965 1 576 193 90 71
3 1391 6 922 274 105 68
4 1107 3 814 235 44 11
5 1595 17 1264 220 80 14
6 1196 12 965 200 19
7 1308 4 1130 161 12 1
8 1138 1078 60
9 1114 16 1085 12 1
10 1372 1 1319 52
11 1416 8 1347 61
Total Cars 12602 68 10500 1468 351 165
Table C.6 - ctd Days Later than Original Trip Plan ETA
Cost/Hour 4 5
2 24 10
3 16
4
5
6
7
8
9
10
11
Total Cars 40 10

Table C.7 - Slack Time Added by Penalty Cost for Scenario 4

Days Slack Time Added vs Base ETA

Penalty Cost Row Summary 0 1 2 3
$0-$100 8756 7468 1071 156 61
$100-%$200 1907 1706 201

$200-$300 854 763 91

$300-$400 544 534 10

$400-$500 205 195 10

$500-600 122 122

$600-700 55 55

$700+ 22 22

Total Cars 12465 10865 1383 156 61
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Table C.8 - Transit Time Distribution by Hourly Cost

with Penalty Costs on Shipments costing more than $10/hour

Days Later than Original Trip Plan ETA

Cost/Hour Row Summary -1 0
2 965 10 569

3 1387 6 910

4 1104 3 834

5 1578 19 1253

6 1180 11 982

7 1316 2 1168

8 1135 10 1049

9 1114 1087

10 1384 2 1382

11 1419 9 1410

Total Cars 12582 72 10644

Table C.8 ctd Days Later than Original Trip Plan ETA

Cost/Hour 4 5
2 24 10
3 17
4
5
6
7
8
9
10
11
Total Cars 41 10

1
203
287
200
226
172
144

76
27

1335

90
102
64
68
15

341

59
65

12

139
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A | B [ C [ D | E | F
1 |Table C.9 - Transit Time Distribution by Logit Priority Coefficient
2
3 Days Later than Original Trip Plan ETA
4 |Priority Coeff Row Summary -1 0 1 2 3
5 1 3133 25 2767 213 67 32
6 2 3326 20 2758 443 71 34
7 3 3137 8 2539 393 130 65
8 4 3006 15 2436 419 83 34
9 |Total Cars 12602 68 10500 1468 351 165
10
11
12 |Table C.9 ctd Days Later than Original Trip Plan ETA
13 |Priority Coeff 4 5
14 1 19 10
15 2
16 3 2
17 4 19
18 |Total Cars 40 10
Table C.10 - Transit Time Distribution by Logit Priority Coefficient
with Penalty Costs on Shipments having Priority Coefficient < 2
Days Later than Original Trip Plan ETA
Priority Coeff Row Summary -1 0 1 2 3
1 3222 25 3197
2 3299 16 2669 501 75 31
3 3090 20 2522 338 138 65
4 2995 21 2343 452 97 67
Total Cars 12606 82 10731 1291 310 163

Table C.10 ctd Days Later than Original Trip Plan ETA

Priority Coeff 4
1

2 7

3 7

4 15

29

293



