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Chapter 1
Introduction

An increasing number of companies focus on customer setiisfein order to increase the
lifetime value of each customer. Satisfied customers afa,loymain with the company for
a long time, and generate recurring revenues. Customebiissness strategies have been
acknowledged in the vehicle routing literature early onwdweer, customer satisfaction has
been quantified explicitly only in recent papers. In vehrceting, customer satisfaction is
often a result of consistent service. Customers appresgatéce at regular times of the day
provided by the same driver each time. Additionally, drevbecome more familiar with
their tasks if they visit the same customers and servicensgiepeatedly.

In Chapter 2, we survey literature that addresses serviegstency in vehicle routing.
We present early solution approaches, starting from th@®'$9that focus on reducing the
operational complexity resulting from planning and exewinew routes each day. One
side benefit of these approaches is service consistencgfohe, many recent solution ap-
proaches devised for improving customer satisfaction ased on previous achievements.
We classify the literature according to three consisteeeyures: arrival time consistency,
person-oriented consistency, and delivery consistermye&ch feature, we survey different
modeling concepts and measurements, demonstrate sofytpyoaches, and examine the
increase in cost of improving service consistency.

The consistent vehicle routing problem (ConVRP) combinagitional vehicle routing
constraints with the requirements for service consiste@ynsistency is achieved by as-
signing one driver to a customer and by bounding the vanatiahe arrival times over a
given planning horizon. In Chapter 3, we present a fast msluhethod called template-
based adaptive large neighborhood search for the ConVRRAp&ed to state-of-the-art
heuristics, the developed algorithm is highly competitivethe available benchmark in-
stances. By varying different model parameters in new tessances, we can observe inter-



2 Introduction

esting effects on the trade-off between cost and servicsisi@mcy. Additionally, a relaxed

variant of the original ConVRP is presented. In this variavé adjust the departure times
from the depot in order to improve arrival time consisteridye routing cost is considerably
reduced by flexible departure times when consistency reaugnts are tight.

The requirements in the ConVRP may be too restrictive in sap@ications. In the
generalized ConVRP (GenConVRP), presented in Chapterch, @asstomer is visited by
a limited number of drivers and the variation in the arrivalds is penalized in the objec-
tive function. The vehicle departure times may be adjusteobtain stable arrival times.
Additionally, customers are associated with AM/PM time #@oms. In contrast to previous
work on the ConVRP, we do not use the template concept to genesuting plans. Our
approach is based on a flexible large neighborhood searcB)(Lizt is applied to the en-
tire solution. Several destroy and repair heuristics haenllesigned to remove customers
from the routes and to reinsert them at better positionsvditime consistency is improved
by a simple 2-opt operator that reverses parts of particalaes. A computational study is
performed on ConVRP benchmark instances and on new instgecerated for the gener-
alized problem. The proposed algorithm performs well ofedgnt variants of the ConVRP.
It outperforms template-based approaches in terms ofltcagt and time consistency. For
the GenConVRP, we experiment with different input paramseé@d examine the trade-off
between travel cost and customer satisfaction.

Typically, we have to accept an increase in routing costdeoto provide a higher level
of service consistency, i.e., routing cost and serviceistarscy are conflicting objectives.
In Chapter 5, we extend the GenConVRP by considering seubjattive functions: im-
proving driver consistency and arrival time consistency aninimizing routing cost are
independent objectives of the problem. We refer to the prolads the multi-objective gen-
eralized consistent vehicle routing problem (MOGenConYRHAnulti-objective optimiza-
tion approach enables a thorough trade-off analysis betweeflicting objective functions.
The results of this chapter should help companies in finddegaate consistency goals to
aim for. Results are generated for several test instancésdogxact solution approaches
and one heuristic. The exact approaches are based andbwestraint framework and are
used to solve small test instances to optimality. Largeaimsts are solved by multi di-
rectional large neighborhood search (MDLNS) that combiiesmulti directional local
search framework and the LNS for the GenConVRP. The solagfi@tity of the heuristic is
evaluated by computing five multi-objective quality indimas. We find that MDLNS is an
eligible solution approach for performing a meaningfutiegeoff analysis.



Chapter 2

Venhicle routing problems in which
consistency considerations are important

2.1 Introduction

The ultimate objective of private companies is profitapil®nly profitable companies can
prevail against competition, develop further, and offeitiproducts and services to cus-
tomers successfully. Companies that are unable to coveretkgenditures in the long run,
will disappear from the market.

Several strategies exist for how companies can achievegbals in competitive mar-
kets. These strategies differ by putting the primary emighather on the interests of the
company or on the needs of the customers. One of the oldattgs, still common today,
is based on the idea that customers prefer products andsgthiat are available easily and
cheaply. Companies applying this strategy, concentratepanating efficiently, decreas-
ing cost, and achieving economies of scale. Low-priceahdsted products or services are
offered to a broad range of customers. The emphasis undesttlategy is clearly on the
company’s interest.

In the last couple of decades, this strategy has dominatefldld of vehicle routing.
The primary objective function in most routing models is tonimize variable cost (e.qg.,
travel cost), fixed cost (e.g., number of required vehigles)oth; the constraints place
limits on operational decisions.

However, company-first strategies have proven to be ineffian developed markets.
With increasing (global) competition and increasingly @&ling customers, companies are
more likely to apply a strategy that is more “customer-fi(g8ith [96], Kotler [102]). Com-
panies applying this strategy do not strive for profit pergstead, they stimulate profit as a
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consequence of satisfying customer needs better tharcthrapetitors (Kohli and Jaworski
[100]). Here, innovative measurements of customer satisfaare used in addition to tra-
ditional business performance measurements such as @iunvestment (Fornell [65]).
The positive effect of customer-first business strategreprofit is described in Homburg
et al. [89], Kohli and Jaworski [100], and Narver and Slafiét4].

The relationships among profitability, customer satistagtemployee satisfaction, and
productivity are addressed in Heskett et al. [87] and Stkaat al. [165]: First, profit is
mostly driven by customer loyalty. Loyal customers gereraturring revenues. So, the
longer a customer stays with a company, the more profit hergease Reducing attrition
by 5% increases profit between 25% and 85%, depending on diistiy (Reichheld and
Sasser [141]). This increase is composed of profits fronrnad&e profits from reduced
operating cost, and profits from price premiums that loyaltaoners are willing to pay.
Second, loyalty is a function of customer satisfaction. t@uers are highly satisfied if
the product or service received exceeds their expectatairisw and medium satisfaction
levels, customers are prone to switch to competitors witletéeb offer. Highly satisfied
customers form a bond with the company and stay with it oveetiStorbacka et al. [165]
note that legal, social, and economic bonds between theroestand the company prolong
the relationship in addition to customer satisfaction. r@hsatisfaction is a result of the
service value perceived by the customers. The service i&athe ratio between the benefit
a customer would receive from a product or service (e.ggtfanal benefits plus emotional
benefits) and the cost (e.g., cost in time and money). Acaoglglicompanies can increase
the value of their service by increasing service qualityyodécreasing cost to the customer.
Fourth, service value is created by satisfied and produetiveloyees. In the service indus-
try, employees meet customers on a regular basis. Theyracagseful knowledge about
customer preferences and report their findings back to nesmenqt. Typically, the turnover
of dissatisfied employees with years of customer relatipnskperience results in signifi-
cant loss of productivity and decreased customer satisfadtinally, employee satisfaction
increases with the employee’s ability and authority to nteetneeds of customers. Kohli
and Jaworski [100] find that employees are proud of belontpragcompany whose focus
is on serving customers. Frey et al. [69] and Reichheld arsde34141] report that low
employee turnover is linked closely to high customer satisbn.

The chain from employee satisfaction to customer satisfa¢o profitability, referred
to as the service-profit chain, is illustrated in Figure 2.1.

Many companies focus on customers and employees as a keyf plaeir management
philosophy. These companies have realized that competirgioe alone is not effective
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Factors controllable by the company

Employee
productivity

Employee )
satisfaction /v

Perceived
value

Customer Customer
loyalty satisfaction \

Figure 2.1 Service-profit chain: relationships betweerfifadaility, customer satisfaction,
employee satisfaction, and productivity (adapted fromkdtst al. [87]).

(Fornell [65]). As a consequence, they spend a lot of effartneproving service quality
and customer satisfaction. Highly satisfied customers Istager with the company, pay
less attention to competitors, cost less to serve, are égsstive to price changes, and have
positive things to say about the company. Yet, before imgsh customers and employees,
companies have to quantify the cost and benefit of this custdinst strategy.

Compared to other research areas, e.g., marketing, thatioainfrom company-first
to customer-first management strategies has receiveslditintion in vehicle routing. In
Section 2.2, we survey application areas of routing modelghich customer satisfaction
has been found to be important. In these applications,&oonsistency is the key char-
acteristic of high quality service and, therefore, of higlstomer satisfaction. The main
reason for inconsistency in routing plans is fluctuatinguinparameters such as changing
customer demand and random customer orders (see SectipnSala@tion approaches for
coping with varying input parameters have been presenteaiily articles (e.g., Beasley
[4], Christofides [29], Golden and Stewart [74], Hardy [7#jllet [92], Wong and Beasley
[184]). However, the focus has been on reducing the effoadpiisting routing plans on a
daily basis rather than on increasing customer or emplogesfaction. In Section 2.4, we
give an overview of these approaches because they serveaasddy many recent solution
technigues that improve consistency explicitly. Servioeststency can be achieved in three
dimensions: consistency in the timing of the service, ciesiy in the person who pro-
vides a service (customer point of view) or consistency éngérson who receives a service
(employee point of view), and consistency in the quantityvéesd or in each customer’s
inventory level (e.g., in inventory routing problems). leclion 2.5, we survey recent papers
adopting at least one of these consistency features andimxdow consistency is imple-
mented. In addition, we describe how a variety of solutioprapches are applied to solve
vehicle routing problems in which consistency is considel#e also examine the effect of
improved consistency on the resulting routing cost. Thera ¢lose relationship between
routing problems in which consistency is important and f@ots in which consistency is
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undesirable (e.g., money transporters are exposed tksitifaeehicle routes are entirely
predictable). Therefore, in Section 2.6, we also reviewdingensions of inconsistency and
the relevant implementation aspects.

2.2 Routing for customer satisfaction

Many companies in different routing-related industriesks® provide high quality service
in order to improve customer satisfaction. Here, high qualieans being consistent over
time: regular customers (i.e., customers that are visiteguiently) want to be served by
the same familiar person at roughly the same time; if a delieensists of storable goods,
customers want small variations in their inventory levéldditionally, consistency reduces
the requirements imposed on drivers to learn about newsa@uité new customers, i.e., con-
sistency improves employee satisfaction and productivity

We remark that customer convenience can also be achievétanways than by provid-
ing service consistency. For example, in the Vehicle Rguroblem with Time Windows
(VRPTW), customers may be visited only if they are availdlerdeau et al. [38]). In the
Dial-a-Ride Problem (DARP), each passenger is associaitidanpickup and a delivery
location. Maximum ride-time restrictions are considenmednder to avoid customer incon-
venience (Cordeau and Laporte [39], Parragh et al. [132]thé& Periodic Vehicle Rout-
ing Problem (PVRP), customers require a given number ofsviiiring the planning hori-
zon and specify a minimum and maximum spacing between twts {Brancis et al. [68],
Campbell and Wilson [24]). Delivery timing, delivery quawgtand routing are determined
simultaneously in the Inventory Routing Problem (IRP) (Betzi et al. [10], Campbell et al.
[19], Coelho et al. [33]). The challenge is to find a replemsit plan with minimal cost
that prevents customer stockouts.

In this thesis, we focus on service consistency and stanta@scribing some application
areas to illustrate the relevance of consistency in velnazléng.

2.2.1 Consistency in small package shipping

Delivering parcels, packages, and letters has become antedpart of the transportation
industry. Pharmaceuticals, medical supplies, electrproducts, repair parts, legal docu-
ments, magazines, and packages from private householdsg@etizations are transported
from one location to another on a daily basis. The revenuergéed by small package car-
riers exceeds the revenues of all major freight transportahodes (e.g., air, railroad, and



2.2 Routing for customer satisfaction 7

water way transportation) except trucking (Morlok et all9)). In 1997, 10% of the value of
all goods and services produced in the U.S. (i.e., the gras®dtic product) were delivered
by package carriers. Since then, the small package shippétugtry’s importance to the
economy has grown steadily. The process of shipping paskiagée following: Drivers
collect packages from (sending) customers, the packageaggregated at an origin hub
and sent to a destination hub via long-haul transportatioairp the packages are disag-
gregated and delivered to (receiving) customers. Coflggtiackages from and delivering
them to customers is the most critical part of the supplyrché&irst, less-than-truckload
transportation is more expensive than shipping full traeklls. Second, usually, this is the
only opportunity for face-to-face contact between the canyprepresented by its drivers,
and the customers. The competition in small package shagpimtense (The Wall Street
Journal [171]); private (e.g., DHL, FedEx, UPS) and pubtcpanies (e.g., national postal
services) have to operate at maximum efficiency to remaingnmarket. In order to differ-
entiate themselves, companies offer a variety of tranaport-related services. Addition-
ally, many companies improve service quality by providieggce consistency. Customers
can choose between several delivery speeds, track thentlooation of their packages,
and rely on punctual delivery. Additionally, many companimprove service quality by
providing service consistency.

Wong [185] investigates the difference between the roytimodplem of package carriers
and the classical vehicle routing problem. A major distisping characteristic of small
package shipping is the requirement of service consisteRegular customers are those
who are visited routinely and they prefer to be visited agitdy the same time on each day.
Driver consistency improves the driver-customer relatfop and enables a customized ser-
vice. After being awarded with the 2003 Best Retention ReastAward and being named
to the list of Canada’s 50 Best Managed Companies in 20027 BAecKinnon, CEO of
MacKinnon Transport, explained his company’s success lasw® (Canadian Transporta-
tion & Logistics [25]): One of the biggest advantages our driver retention proviol@s
shipper clients is consistency of service - familiar fadesvang up at their facilities. Our
drivers get to know the shippers and their receivers and tb@npany policies and safety
requirements very well. And also because of their longevitly our company our drivers
are better trained to handle a company’s specific productunesnents and the needs of
their customersTypically, a larger routing cost due to a focus on consistesenore than
offset by higher customer satisfaction and increased dfarailiarity with the region and
the customers.

Vehicle routing problems that consider the requirementhefsmall package shipping
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industry are investigated, e.g., in Campbell and Thomal 2ancis et al. [67], Groér et al.
[75], Haughton [84], Smilowitz et al. [158], Sungur et al6[d], and Zhong et al. [190].

2.2.2 Consistency in health care

Improving health care is a major challenge for modern smsgiSchneider et al. [153]).
The number of care-dependent people (e.g., chronicallghlysically disabled, and the el-
derly) is increasing steadily. At the same time, financialstoaints are getting tighter due
to a shrinking working population.

One of the most important achievements in health care mamagtehas been the shift
from stationary forms of health care (e.g., nursing home&pime care. Home care service
enables the patients to live at home with the greatest pesddgree of autonomy while
they are visited and supported by skilled staff. Typicaly service includes housekeeping,
meals-on-wheels, and medical care. Additionally, sigaificpublic cost-savings are real-
ized by shifting from stationary forms of health care to horaee (Coyte and McKeever
[40], Hollander et al. [88], Schneider et al. [153]): Firstyestments in care facilities de-
crease; second, lower investment requirements enablat@tiome care providers to enter
the market; third, the share of informal care provided byikaiend friends increases.

Because of increasing competition, budget cuts, and, nmapertantly, social service
obligations, home care providers have to carefully baldeteseen cost efficiency and ser-
vice quality; this is true for private and public organipaits. The significance of service
consistency in home care is examined in Woodward et al. [1B6¢ results are based on
interviews with managers, nurses, home workers, cliemis,pdoysicians. In order to pro-
vide high quality service, the workers need knowledge atimitlients and their homes, and
have to be trained for the required service. Furthermorekeve should be familiar with
the likes and dislikes, the abilities and limitations, andtmes of the clients. Because of
the physical intimacy, the clients must feel comfortabléhwine service provider. Personnel
consistency significantly improves service quality; it plifies the communication between
the persons involved and it reduces the time to review atSidstory (Bennett Milburn
[7], Bertels and Fahle [11], Borsani et al. [16], Evebornlefs8], Nowak et al. [129]).

With the expansion of home care services, there is also aaasmg demand for cus-
tomized door-to-door transportation of care-dependeaplge Paquette et al. [131] inves-
tigate appropriate quality measurements for dial-a-retgises in paratransit. Based on an
extensive customer survey, the authors identify drivesiiancy as one of the most effec-
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tive criteria to improve service quality. Feillet et al. [38cus on consistent time schedules,
as clients of paratransit services are particularly simesio changes in their daily routines.

2.2.3 Consistency in other application areas

In vendor-managed inventory systems, the decision-maiogit the timing and the quan-
tity of an order is transferred from the customers to the BappThe supplier is more
flexible in optimizing the replenishment process, but he alas a larger responsibility to-
wards the customers. Day et al. [44] investigate the inwgnteplenishment problem of
a company that deliveiSO, gas for carbonated soft drinks to restaurants, movie theate
hospitals, and many other businesses. Because of increasgettition, the company wants
to distinguish itself by superior customer service. Thiadghieved by increasing delivery
regularity and by improving driver-customer familiaritgoelho et al. [32] and Coelho et al.
[33] confirm that focusing on cost in replenishment problegsslts in inconvenient solu-
tions for suppliers and customers. The authors introdunsistency requirements into the
inventory routing problem in order to decrease variationghe delivery amount, the deliv-
ery interval, and the specific drivers assigned to a customer

The routing problem in Erera et al. [57] is motivated by a begne, and spirits distrib-
utor. The company wants to increase service quality byingsitegular customers by not
more than two different drivers per weekday over a long fworiz

An aircraft fleet routing and scheduling problem, faced byhynairlines, is solved by
loachim et al. [91]. For marketing purposes, regular fligtetge to be scheduled at the same
time every day.

2.2.4 Consistency apart from customer satisfaction

Consistency in routing plans is also investigated for reasuther than customer and em-
ployee satisfaction. Francis et al. [66] examine the proldétransporting loan items (e.g.,
books) between spatially distributed libraries. The arghpropose a periodic vehicle rout-
ing formulation in which each library is visited by the sameser in the planning period.
The strict consistency requirement reduces the numbertefén decision variables and
makes the problem tractable with the devised mathematrogiramming approach. The
same observation is made in Chapter 4 (Kovacs et al. [103yaban et al. [45] and Da-
yarian et al. [46] investigate a multi-period routing preinl motivated by the dairy industry.
In this problem, milk is transported from the producers taaayd An association of milk
producers is responsible for negotiating long-term cas$ravith carriers. The negotiations
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and payments are based on a single routing plan that will beudgd on each day for the
next, say, six months. The challenge in generating the vasiing plan is the daily and
seasonally varying milk supply.

In this example, consistency is a matter of cost assessrararthan a matter of cus-
tomer satisfaction. Similarly, in a priori routing, routase planned before full demand
information becomes available (Bertsimas [12], Bertsimiaal. [13], Golden and Stewart
[74], Jaillet [92]). These routes define the visit sequerfgeotential customers for a long
period of time.

2.3 Problem description

The problem description is similar in all vehicle routinggptems that consider consistency:
A set of drivers are visiting a set of spatially distributagstomers over multiple periods,
e.g., several days. The planning period can be bounded asuglanning week after week,
or unbounded, e.g., planning on a rolling horizon basis. dperations are constrained
by limited workforce (or fleet), limited working time (or tral time), and limited vehicle
capacity. The daily input parameters are fluctuating, eugstomers require service only on
some days, demand is varying from day to day, travel timesnigpn the traffic, and service
times depend on the delivery quantity. In many cases, thecgetimes and the travel times
also depend on the drivers’ familiarity with the assigneglar and customers (e.g., Kunkel
and Schwind [110], Smilowitz et al. [158], Zhong et al. [1PQhput parameters are usually
deterministic in bounded planning period problems andeeighochastic or unknown (i.e.,
information is revealed day by day) in unbounded plannimizioa problems. The objective
always involves minimizing travel cost.

An obvious approach to deal with varying input parametet® isptimize routes day
after day. This approach generates minimal cost routingspltey taking into account the
actual input parameters; however, it has significant drakdaince customer data has to be
acquired, new routes have to be computed in a short amouithef and the routes have
to be forwarded to the drivers on a daily basis. Additionaltg daily routes are different
and impose a high learning burden on the drivers and redecsettvice quality for the cus-
tomers. Efficient solution approaches for the PVRP and tieitiRorporate several periods
simultaneously. Nevertheless, holistic approaches afstuge inconsistent routing and re-
plenishment plans when the focus is on cost (Coelho et g, (3#lho et al. [33]).

A sufficient condition for inconsistent routing plans is tiwating input parameters to-
gether with either cost minimization or tight resource ¢oaiats. LetC, F, R, andl be
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Boolean variables that are true if cost is minimiz€)l, demand is significantly fluctuating
(F), resource constraints are tigiR)( and the routing plans are inconsistent (Then, ex-
pressed in Boolean algebra, the condition (CV R) is sufficient forl, i.e.,F A(CVR) = 1.
Each customer can be served on an individual route if costti®rroncern and resources
are unlimited. Without variations in the input parametéhgre is at least one minimum
cost solution that provides perfect consistency, e.g.,,mthe same set of optimal routes
is executed each day. A real-world example of periodic rmutvith constant demand is
school bus routing; students are picked up in the same segq@ery morning. Similarly,
the same routing plan can be repeated periodically if custaiemand follows a regular
pattern, e.g., when one vehicle serves two customarslb with a requiring service every
other day and requiring service every third day, the routing plan can lpeated in a six
day loop (six is the least common multiple of two and three).

ConditionF A (CV R) is also necessary for inconsistency, ifeA (CV R) < 1, if there
is only a single optimal solution to the problem. For examptensider two customers,
andb, with a demand of one unit each on two consecutive days. Thieleecapacity is
two units. The solution with route 8b-0 on day 1 and route B-a-0 on day 2 is feasible
and has minimal cost (we assume a symmetric distance matfe) the routing plan is
inconsistent despite constant input parameters.

Figure 2.2 illustrates a routing example with a planningqueof three days. The square
denotes the depot and the circles denote customers. Thameerstlemand, given next to
each circle, is variable. The vehicle has a capacity of fivesiand the objective is to mini-
mize cost. The daily routing plans are different becausesseghicles are fully utilized and
the focus is on cost. Visiting customers 4, 5, and 6 on the sante on day one and day
two would exceed the vehicle capacity on the second day. Ufixecthe day one routing
plan on day three would be feasible and it would result in é@rgtonsistency. However,
serving customer 3 on the same route with customer 1 and 2&pein.

In Figure 2.3, the customers requesting a service are chgufigim one day to the next.
Generally, varying customers generate the largest difterg in the daily routes.

Well-known problems that conform to the given problem défimi and are, therefore,
prone to inconsistency are the PVRP and the IRP. The PVRPnagluced in Beltrami
and Bodin [6] and further examined, e.g., in Christofides Badsley [30] and Russell and
Igo [147]. Customers require a given number of visits (onseweral) within a bounded
time interval. The delivery days, however, are flexible, itee supplier can select the days
on which he wants to visit a customer from a set of feasibleatagbinations. Visit com-
binations can be fixed, e.g., days 1, 3, and 5, or days 2, 4, dradddistomer requires three
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Figure 2.2 Inconsistency because of varying demand. \&bmpacity is five. Demand (q)
is given for each customer.

Day 1 Day 2

1y

Figure 2.3 Inconsistency because of changing customeesggju\Vehicle capacity is five.
Demand (q) is given for each customer.

visits (Beltrami and Bodin [6], Christofides and Beasley])3they can be defined as fixed
visit intervals, e.g., visit a customer every other day (€bgtal. [28]), or be specified by a
minimum and maximum spacing between two visits (GaudiosiRaletta [70]). In Francis

et al. [66, 67], customers may be visited any number of timesiged that the minimum

number of visits is met; this problem is referred to as the PW#th service choice (PVRP-
SC). Survey papers on the PVRP are presented by Campbell asah\\24] and Francis

et al. [68].

In the IRP, the supplier decides about the timing and the tijyaof a delivery in ad-
dition to the routing plan (Bell et al. [5]). The basic IRP istdrministic and the planning
horizon is bounded (exceptions to both limitations havenbgesented in the literature).
The optimal replenishment plan avoids stockouts at custémeations at minimal routing
and holding costs. Common replenishment policies are thenmemn level policy (i.e., de-
livery amount is flexible, but the storage capacity at theaugr has to be respected) and
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Time Period Acknowledged Side Benefit Solution Approach
1970’ Christofides [29]: improved driver familiarity with customers. | A priori routing and districting
A working paper by Stewart cited in Golden and Stewart [74] . .
. . e . A priori routing
improved driver familiarity with routes and customers.
Beasl;ey [4]: improved driver familiarity with routes and cus- A priori routing
1980's omers.
Waters [182]: improved driver familiarity with routes and cus- . .
. . A priori routing
tomers and regular arrival times at customers.
Wong and Beasley [184]:improved driver familiarity with cus- Districting
tomers.
1990's Bertsimas [12]: personalization of service. A priori routing
Savelsbergh and Goetschalckx [149]personalization and pre- A priori routin
dictability of service and improved driver efficiency. P 9

Table 2.1 Early papers that acknowledge the benefit of th&emppolution approach on
service consistency.

the order-up-to-level policy (i.e., customer inventoryiied up at each visit). For further
information on the IRP and its variants, we refer to Bertatal. [10], Campbell et al. [19],
and Coelho et al. [33].

2.4 Early approaches to cope with fluctuating demand

Planning new routes each morning to cope with fluctuatingadehmesults in cheap routing
plans, but it entails many operational difficulties (e.@gtadhas to be acquired regularly, re-
optimization is time consuming, communicating new routedrivers every day is costly).
Therefore, alternative approaches have been proposee iite¢hature. These approaches
can be divided into three groups: approaches that genepateraroutes and perform daily
adaptations if necessary, approaches that assign ea&n tiria fixed service region, and
approaches that simplify the problem by smoothing fluctueti All strategies promote
service consistency but consistency was rarely addresgpdididy in early publications. In
Table 2.1, we list early papers in chronological order tltkinawledge the side benefit of
the applied solution approach on service consistency.
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2.4.1 A priori routing

Many papers have been devoted to the problem of servingroessowvith stochastic demand
over a long period (e.g., several weeks). A common strategyercome the difficulties of
daily re-optimization is to design a set of routes in advanee, based on stochastic infor-
mation, and use the pre-planned routes as a basis for therdates. We refer to these
pre-planned routes as a priori routes. Depending on theexgrihe a priori routes can be
updated in different ways to better match the actual demealization. For example, cus-
tomers without demand are skipped if the demand becomesrkhefere the vehicles start
their tours. This updating strategy is investigated, emgBertsimas [12], Bertsimas et al.
[13], Gendreau et al. [73], and Jaillet [92]. This strategynapplicable if a driver learns
the actual demand only when he arrives for delivery. Thisasion is investigated, e.g., in
Bertsimas [12], Golden and Stewart [74], Savelsbergh anetsgbalckx [149], and Till-
man [172]. In some cases, the actual demand on an a prioé ldarger than the vehicle
capacity; then, the updating mechanism inserts a detohetdepot for reloading. In Camp-
bell and Thomas [23], customers requiring a service areamniout each order has to be
delivered before a specific deadline (e.g., FedEx’s nesiA@ss-day delivery service with
guaranteed delivery by 10 a.m.). Two updating strategees@amined: First, customers are
visited even if deadlines are violated; second, customerskipped if the deadline cannot
be met (skipped customers are then visited by a separateeehn the vehicle reschedul-
ing problem presented by Spliet et al. [162], routes are tgablhy minimizing travel cost
and a penalty cost that is incurred for deviating from theiarproutes.

Figure 2.4 shows the difference between the a priori styavath different updating
mechanisms and the re-optimization strategy. The firstdigiustrates the a priori routes
for visiting six potential customers. The second figure shoe route that is executed
when demand information becomes available only upon drallacustomers are visited in
the same order as in the a priori routes. In the third figuretauers without demand are
skipped. The last figure illustrates the result of re-oation by taking into account the
actual demand realization.

Demand fluctuations can be ignored if vehicle capacity iswmitéd. Challenges are then
posed by stochastic customer locations. This problem Isct#he Noisy Traveling Sales-
man Problem (NTSP) and it is examined by Braun and Buhmanjnaid Li et al. [115].
Customer locations are unknown but there are areas witrehigtobability of customers
placing an order, e.g., business districts in small paclsdgaping. Delivery is performed
by a single vehicle; the capacity is unbounded. The spedsit locations are changing
from day to day but the shape of the optimal traveling salesroates will be similar. The
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A priori routes No update Skip customers w/o demand Re-optimization
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Figure 2.4 A priori routing with two updating mechanisms g@ared to re-optimization
strategy. Actual demand (q) is given for each customer.dleltiapacity is three.

goal in the NTSP is to sketch a route in advance that can bé eaiapted to the daily

requirements. Figure 2.5 illustrates the quad tree apjprofki et al. [115] to generate the
a priori route. Based on a random sample, the algorithmssbgrsubdividing the visit area
into smaller regions. The maximum number of customers geiregion, called a quadrant,
is given. Two customers per quadrant are allowed in our el@nipa quadrant contains

more than two customers, it is subdivided into four smallgadrants. The next step is to
compute the centroid of each quadrant (this is only necg$saguadrants with more than
one customer). Finally, the centroids are linked to formahmiori route. On each day, the
a priori route is updated to match the daily requirements.

Given an updating mechanism, the main goal in a priori o&tdn is robustness with
regard to cost, i.e., finding a single set of routes that miesthe expected travel cost
(including the expected extra cost of reloading at the dépathicle capacity is reached)
for a large number of demand and location realizations. Eogbiresults indicate that the
routing cost of a priori optimization is very close to the ofsre-optimization: Christofides
[29] and Golden and Stewart [74] report a difference of 2.7#b 8%, respectively; Savels-
bergh and Goetschalckx [149] give empirical evidence thhabime cases a priori solutions
even outperform daily routes generated by heuristics; Helmawyr et al. [86] compare
the a priori strategy to a more flexible routing strategy foriraventory routing problem —
the differences between the two approaches are small;iBagg12] and Bertsimas et al.
[13] show that the cost of a priori optimization is asymptatly very close to the cost of
re-optimization for both updating strategies discussem/alffollowing the a priori route
strictly and skipping customers without demand). A sidedbiéiof a priori optimization is
route consistency; each daily routing plan is derived frbm $ame set of a priori routes.
The actual consistency, however, depends on the chosetingpdtaategy.

Many recent publications that address service consisterplicitly use the concept
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Figure 2.5 Quad tree appraoch of Li et al. [115] for the noiayeling salesman problem.

of deriving daily routes from routes that have been fixed ivaade (e.g., Campbell and
Thomas [23], Day et al. [44], Groér et al. [75], Sungur et &b67]). Accordingly, many
terms have been used to refer to the same concept. Tables®& Zyinonyms of a priori
routing, the context in which the term is applied, and songepausing that term.

A survey on routing problems with stochastic input paramsatepresented by Campbell
and Thomas [20] and Gendreau et al. [72].

2.4.2 Districting

The complexity of daily re-optimization is often reduced dwbdividing a service region
into smaller districts. All customer requests within addtare served by one driver. Repet-
itive deliveries within the same region improve the drivémiliarity with their service ter-
ritory (Wong [185]). Customer service is also improved sinegular customers are visited
by the same driver each time they require a service. Additipndistricts are planned to
balance the workload among drivers.

Districting and a priori routing are similar concepts bugréhis one fundamental differ-
ence: A priori routing specifies the customers belongingrmuée and also the sequence of
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Term Context Usedin (e.g.)

A priori routes Random demand or customers Bertsimas [12], Jaillet [92]

Average trajectory routesRandom locations Braun and Buhmann [17], Li et al. [115]

Backbone routes Deterministic but dynamic demand Day et al. [44]

Base plan routes Random customers Eveborn et al. [58]

Fixed routes Deterministic but dynamic or Beasley [4], Christofides [29]
random demand Savelsbergh and Goetschalckx [149]

Master plan routes Random service time and customers | Sungur et al. [167]

Master schedule Random demand Spliet et al. [162]

Modified-fixed routes Random customers (skipping is allowgdBenton and Rossetti [8]

Permanent routes Random customers Benton and Rossetti [8]

Semi-fixed routes Random customers (skipping is allowedjyaughton [80], Waters [182]

Skeleton routes Random locations Lietal. [115]

Standard routes Random customers Bianchi et al. [15], Haughton [82]

Template routes Deterministic but dynamic demand Groér et al. [75], Kovacs et al. [107]

Table 2.2 Synonyms for the concept of deriving daily routesifroutes that have been fixed
in advance.

the stops. Accordingly, a priori routes become ineffectivbere is a substantial change in
the regular customers or in the demand pattern (Benton asdd®o[8], Erera et al. [57]).
Districting decisions are made on a strategic or tacticadl|e.e., drivers remain with their
district for several years. Potential customers are groue® districts and, therefore, as-
signed to routes well before they place an order; routingsttats, however, are made on a
daily basis when actual demand is known. As a consequerstacting is a generalization
of the a priori routing approach.

Solving the problem in two phases, districting first - rogtsecond, reduces the flexibil-
ity in generating optimal routes when demand is fluctuatiay.example, a large demand in
a district might force the assigned driver to perform a sddadp while the driver in another
district is underutilized because of low demand. Howevistridting significantly reduces
operational difficulties. Figure 2.6, illustrates the diffnce between daily re-optimization
and districting. Four drivers are available with a capaoitjour customers a day. Cus-
tomers placing an order are random. The three figures at prghtmw the solution for three
days with daily re-optimization. There is no incentive tgmhtch all drivers because three
drivers can cover the demand at lower cost. So, the workkdivided among three drivers
while one driver is idle each day. The three figures at theobothow the solution with
districting. The region is subdivided into four serviceritaries by taking into account the
expected workload. Each driver operates only within hisiserterritory and visits three
customers each day.

Earlier articles on districting (in the context of vehicteiting) assume deterministic in-
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Daily re-optimization
Day 1 Day 2 Day 3

DA

Fixed service territory
Day 1 Day 2 Day 3

Figure 2.6 Solution with daily re-optimization (top) andddk service territory (bottom).
Each customer has a demand of one unit; vehicle capacityis fo

put parameters (e.g., demand) that might be sampled frawricial data (e.g., Christofides
[29], Hardy [79], Wong and Beasley [184]). Recent papers alscount for the stochas-
tic nature of the problem (e.g., Carlsson [26], Carlsson Rathge [27], Haughton [83],
Haughton [84], Haugland et al. [85], Lei et al. [113], Zhorigaé [190]). Daganzo [42]
and Daganzo [43] present simple strategies for estimati@dgransportation cost when dis-
tricts have irregular shapes. The increase in travel distércustomers are pre-assigned to
districts compared to daily re-optimization is 3.8% in Gkofides [29] and 7.1% in Hardy
[79].

Many papers on districting (e.g., in sales and salt sprgadire devoted to the problem
of partitioning a region into small areas with their own andmous depot. Each depot is
responsible for the operations performed within its distiie., drivers are never assigned
to external districts (Van Oudheusden et al. [175]). Workhis field is presented, e.g., in
Fleischmann and Paraschis [61], Marlin [117], Muyldermetrad. [121], and Muyldermans
et al. [122].

Haughton [83] and Haughton [84] examine the concept ofttexrisharing, i.e., merg-
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Figure 2.7 Smoothing demand: Demand follows a Bernoullcess; the actual demand
(q) is given next to the customers. Each customer is delivevery day with its expected
demand (one unit). Veehicle capacity is eight units.

ing districts and serving them by a group of drivers. A groige ®f one corresponds to
the basic districting problem, the districts become lavgén increasing group size, and the
problem corresponds to daily re-optimization if all dris@re assigned to one group.

2.4.3 Demand stabilization

One approach to maintain route consistency is to eliminamashd fluctuations (e.g.,
Haughton [80], Haughton [81]). For example, if demand fwkoa Bernoulli process, i.e.,
a customei demands eitheg; units a day with probabilityp;, or zero with probability
(1— pi), a company might choose to deliver each customer with iteebel demandxq;)
every day instead of responding to actual demand realizmtibor example, if a customer
has a daily demand of either two units or zero with a probigtat 0.5, then this customer
is visited each day and its expected demand (one unit) igedeli. Figure 2.7 illustrates
this scenario with four customers. The daily demand of easkotner is either two units or
zero with a probability of 0.5 each. The actual demand (q)aohelay is given next to the
customers. Customers are visited each day and their expeeteand (one unit) is deliv-
ered. The vehicle capacity is eight units. The same set ofheafoutes can be executed day
by day; drivers have no learning requirement and custonrersisited on the same route
at the same time with the same quantity delivered each dawekifr, in many cases, the
delivered quantity deviates from the demand incurring mwey and shortage costs at the
customers (e.g., on day one, customer 1 and 4 have a shoftage onit while customers
2 and 3 have an inventory of one unit, respectively). Withowentory and shortage costs,
this delivery strategy is superior to the a priori strategitt{ skipping customers with zero
demand) only when the visit probabilitiep;) are large and when the number of routes is
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Figure 2.8 Smoothing demand: Demand (q) follows a Bernputicess. Each customer is
visited every second day and four units are delivered eacé. t\Vehicle capacity is eight
units.

neither very small nor very large (Haughton [80]). If the rhen of routes is very large,
I.e., the number of customers per route is small, many razaasoe eliminated with the a
priori strategy; the lower the;’s, the higher the savings. When the number of vehicles is
very small, i.e., the number of customers per route is laitgs, more difficult to reduce
the number of routes through reduced delivery quantites); With inventory and short-
age costs, the daily delivery strategy is unlikely to be aprapriate alternative to daily
re-optimization (Haughton [81]).

A more viable alternative is to deliveg /p; units at fixed intervals of Ap; days to
each customer. Using the example above, each customevagsdeur units every second
day. This approach is illustrated in Figure 2.8. Route sy is lower than before,
but the same route is repeated periodically. Additionallig strategy is never inferior to a
priori routing with regard to routing cost and the risk of glages quickly diminishes with
time (Haughton [80]). However, this strategy tends to blaldje inventories. Haughton
[81] suggests well-timed and controlled changes in thevdgliroutes in order to increase
demand responsiveness, i.e., monitoring the inventotystd each customer and adapting
the routes accordingly.

2.5 Consistency

Consistency in multi-period routing problems can be measur three dimensions: arrival
time consistency, person-oriented consistency, andalglzonsistency.

Regular customers appreciate predictable service timasivaltime consistency is
achieved by visiting customers at similar times of the dagrdke long run.
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Person-oriented consistency can be viewed from two petigpsccustomer perspective
and driver perspective. Visiting a customer with the samedrepeatedly improves service
quality because of the improving customer-driver relaglop and the customized service.
Person-oriented consistency from the customer’s pointesf Vs referred to as driver con-
sistency; it is achieved by reducing the number of diffenters that serve a customer.
Consistency is also important for the driver’s satisfactnd productivity. Irregular routing
plans and unfamiliar tasks upon visiting new customers pexgge learning requirements
on drivers and make the execution of routes costly. Persemied consistency from the
driver's point of view is achieved by assigning each drivethe same service region re-
peatedly; this notion is also called region consistency g€rvice is very complex (e.g., as
it is often the case in home health care), a driver should bg@ed to the same customer
frequently in order to make him more familiar with the assidnask; this is referred to as
customer consistency.

Inventory routing problems require decisions about theninand the size of an order.
Service quality is increased by replenishing each custsratrck at regular intervals, with
similar delivery quantities, or by keeping inventory levstable. The attainable level of
delivery consistency depends on the variability of demamng.(it is infeasible to replenish
inventories at fixed intervals with fixed quantities if derdas highly fluctuating).

In this section, we survey papers on vehicle routing thatieiXly address at least one
dimension of consistency. In Section 2.3, we gave a geneodlgm definition; here, we
classify the different approaches according to the inprampaters that are varying from day
to day and the information that is available at the time ofrojtation. Table 2.3 gives an
overview of recent articles. Models that work with full imfoation typically have a bounded
planning horizon (e.g., one week); models that use stoichashistoric information either
generate routes day by day by considering historic routlagsy or they generate a priori
routes that can be used for an unlimited amount of time. Wen&& how consistency
considerations are modeled and discuss the devised soapjroaches. Additionally, we
summarize the findings of how the emphasis on consistenegtaffouting cost.

2.5.1 Arrival time consistency

In this section, we give an overview of concepts for modekmgval time consistency.
We describe efficient solution approaches and summarinéisebat analyze the impact of
reducing variations in arrival times on transportationtcos
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Consistency Varying Parameters Available Information
Arrival  Person- Service Travel Full Stoch./Hist.

Paper Delivery Time oriented Demand Time Time Customerdnformation Information

Coelho et al. [32]

Coelho and Laporte [34]

Coelho and Laporte [35]

Day et al. [44]

Erera et al. [57]

Eveborn et al. [58]

Feillet et al. [59] v

Francis et al. [66]

Francis et al. [67]

Groér et al. [75]

Haughton [82]

Haughton [83]

Kovacs et al. [103]

Kovacs et al. [106]

Kovacs et al. [107]

Kunkel and Schwind [110]

Nowak et al. [129] v

Schneider et al. [151]

Schneider et al. [152]

Smilowitz et al. [158]

Spliet [159]

Spliet and Desaulniers [16(

Spliet and Gabor [161]

Sungur et al. [167]
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Table 2.3 Recent papers that consider routing plan consigtnd their modeling details.

Modeling arrival time consistency

Arrival time consistency is either modeled by hard constsii.e., variations are bounded
by a given value, or soft constraints, i.e., variations aeghized in the objective function.
Groér et al. [75] introduce the Consistent Vehicle Routingbdem (ConVRP). In the
ConVRP, the maximum arrival time variation is bounded farteaustomer to a given value
L. The maximum arrival time differendg,ax is the largest difference between the latest
and the earliest arrival time per customer among all custermiéigure 2.9 illustrateknax
for a routing plan with a planning period of five days. The klaquares denote the arrival
times at the customer with the largest variation; the wigteases denote the arrival times at
the other customers. Arrival time consistency is achiewedrforcinglmax < L. The same
modeling approach is applied in Chapter 3 (Kovacs et al.])1&7d Tarantilis et al. [170].
An arrival time difference ofnax= 0 is considered in loachim et al. [91]. The problem of
visiting a customer at exactly the same time on several dagsniilar to routing problems
with temporal vehicle synchronization: In a multi-periogttehg in which consistency is
important, customers are visited at the same time each timeadre visited. In contrast,
in a single-period routing problem with synchronizatiomswaints, several drivers have
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Figure 2.9 Maximum arrival time difference. Black squaresate the arrival times of a
specific customer; white squares are arrival times of antyitcustomers.

to meet simultaneously at a customer. For example, syn@aion is necessary in home
health care if two workers are needed for bathing a heavepatiBredstrém and Rénngvist
[18]). In ground handling operations at airports (e.g.,dsge handling and cleaning) teams
have to work simultaneously on large airplanes in order tisHirthe task within a short
time window (Dohn et al. [50]). Figure 2.10 illustrates thearities between arrival time
consistency and synchronization. The three figures on theshow a three-day routing
problem; customers 1 and 3 need to be visited at the same viemg day. The figure at
the bottom shows a single period routing problem; the tasksistomers 1 and 3 require
three drivers simultaneously. The solution of the syncization problem is equivalent to
the union of all routes in the consistency problem. A survegynchronization in vehicle
routing is given in Drexl| [51].

Soft constraints for arrival time consistency are examime@hapter 4 (Kovacs et al.
[103]). The maximum arrival time difference is penalizedtl® objective function be-
cause it is difficult to predict reasonable bounds if demanéuctuating: loose arrival
time constraints decrease service quality while excelysiight constraints lead to a dis-
proportional increase in travel cost. In Chapter 5, we preaemulti-objective approach
where routing cost and the maximum arrival time differeneeiadependent objectives of
the problem (Kovacs et al. [106]). Feillet et al. [59] propamn alternative to the maxi-
mum arrival time difference constraint. For example, uigjta customer on five days at
(8:00, 8:05, 8:02, 8:58, 9:00) or at (8:00, 9:00, 8:20, 8:&@30) yields the same maxi-
mum arrival time difference of one hour. Yet, the first scHedghows more regularity.
Rather than bounding the maximum arrival time differenceill&t et al. [59] minimize
the maximum number of different time classes each custosneisited in. Two visits at
customeri on daya and 3 are assigned to the same time class if the arrival timgs
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Arrival time consistency on three days

Day 1 Day 2 Day 3
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Arrival time synchronization with three drivers

Figure 2.10 Arrival time consistency on three days versuslsgonization of three drivers.
Arrival time consistency and synchronization is requiredustomers 1 and 3, respectively.
Vehicle capacity is three.

andajg fulfill [ajq —ag| < P. So, forP = 5 the first visiting schedule is partitioned into
two time classes {{8:00, 8:02, 8:05},{9:58, 9:00}} and thesond schedule into five time

classes {{8:00},{8:20},{8:30},{8:40},{9:00}}. Therefore, the first schedule has higher con-
sistency.

Spliet [159], Spliet and Desaulniers [160], and Spliet arab&@ [161] investigate the
problem of assigning a single time window to each customérbdahe actual demand is
known; once fixed, customers have to be visited within thpeetve time window each
day. The tighter the time window, the better the arrival ticoasistency. The width of the
time windows serves the same purpose as the bound on the omaxamival time consis-
tency,L, in the ConVRP.

The decision to model arrival time consistency either welhdhor with soft constraints
depends on the availability of information. Using soft doaists is feasible in both de-
terministic and stochastic environments. Using hard camds, however, may lead to in-
feasible or unreasonable solutions when demand fluctisatiannot be anticipated. Figure
2.11 gives an example when customer occurrence is randorthamdaximum arrival time
difference is bounded by zero. There is one vehicle to visstamers. The figure at the top
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Solution without information about day 2
Day 1 Day 2

Solution with information about day 2
Day 1 Day 2

Figure 2.11 Effect of bounding the variation in the arrivadés when future information is
unavailable.

shows a solution when the route for day 1 is planned withdotmation about day 2. The
only feasible insertion position for customer 4 on day 2 &s léwst visit before the vehicle
returns to the depot. Full information is available in th&uion at the bottom. Customer 4
is again inserted into the last position; the routes, howewe more efficient.

Arrival time consistency is not modeled explicitly in Dayadt [44], Haughton [82], and
Nowak et al. [129]. However, the applied a priori solutiopegaches promote stable arrival
times.

Solving problems with arrival time consistency considerabns

Many heuristics that consider arrival time consistency lzased on the idea of a priori
routing (e.g., Groér et al. [75], Kovacs et al. [107], Remsi®t al. [142], Tarantilis et al.
[170]). An essential feature of the a priori approach is thékes the sequence in which
customers are visited: if customers visited before customéron the same a priori route,
then customea is visited before customdron all days on which they both require service
(Groér et al. [75]). Visiting customers in the same sequeweey day promotes arrival time
consistency. In the ConVRP, Groér et al. [75] consider a Hedrplanning horizon and
deterministic demand. The authors include all customegsthre a priori routes (referred
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Template Daily route - fixed visit sequence Daily route - flexible visit sequence
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Figure 2.12 Two updating strategies: preserving visit sega versus changing visit se-
quence.

to as template routes by the authors) that are concernedtanttistency, i.e., all customers
that require at least two visits during the planning periGa. each day, customers without
demand are skipped and customers that require only oneavgsihserted at their cheapest
position. In Chapter 3, we extend this updating strategylowang deviations from the visit
sequence given by the template (Kovacs et al. [107]). Figut@ illustrates the intuition
behind this strategy. The first figure shows the template fitin customers; the second
figure shows the solution derived from the template whenaotust 1 is skipped; the third
figure presents a more flexible updating strategy that alkbaisange in the visit sequence.
Repoussis et al. [142] present a hybrid solution strategynflate routes are generated by
tabu search. Based on the resulting template, the custimtiver assignment is fixed for
a part of the customer set and the partially fixed ConVRP wesbby branch-and-cut.

In Chapter 4, we propose an alternative to the a priori smiugipproach (Kovacs et al.
[103]). In each iteration, a routing plan is generated farheday in the planning horizon
regardless of the resulting arrival time consistency. Tiiesmmaximum arrival time differ-
ence is reduced by repeatedly reversing parts of seleattelsioT he reversal corresponds to
a 2-opt move (Lin [116]) on the route that contains the custowith the largest maximum
arrival time difference. This solution approach performaivon ConVRP instances; the
stronger the fluctuations in the customer demand, the ldhgeadvantage of the flexible
approach compared to the a priori approach.

In Feillet et al. [59], Spliet [159], Spliet and Desaulni¢i$0], and Spliet and Gabor
[161], arrival time consistency is achieved by assigningt@oners to time windows of given
width. This idea is illustrated in Figure 2.13. Customer2,1and 3 require several visits
during the planning period; the variation in their arrivatés is bounded by time windows.
The blank squares denote arbitrary customers that requiyeae visit. With this approach,
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Figure 2.13 Achieving arrival time consistency by assigriime windows.

the multi-period routing problem decomposes into sevengls-period problems. In Spliet
and Desaulniers [160] and Spliet and Gabor [161], each mestes assigned to a time
window using a column generation algorithm. Feillet et &B][use an iterative solution
approach. In each iteration, each customer is associatedowe or more time windows.
The resulting daily problem is an extension of the VRPTW mrefg: to as Vehilce Routing
Problem with multiple Time Windows (VRPmMTW). Arrival timeoasistency is improved
by gradually reducing the number of time windows in which atomer is visited.

Evaluating the cost of arrival time consistency

Groér et al. [75] examine the cost of consistency in the CaAVIRe authors report an aver-
age increase in travel cost between 6.6% and 15% (the costrsbmp-oriented consistency
also contributes to this result). According to Feillet et[&8], arrival time consistency in-
creases travel cost between 1% and 5.9%. In both papergjtthersrequire the drivers to
start their tour at time zero. Additionally, waiting is pibhed. The effect on consistency
when departure times from the depot are fixed is illustrateBigure 2.14. The planning
horizon is three days. Customer 1 requires service on dayl 2ay 3; customer 2 requires
service on day 1 and day 3. The travel time between any twosisdme time unit; service
times can be neglected. The left figure shows the solutiomwleearture times are flexible;
both customers are visited at exactly the same time on bgthtie@y require service. The
driver has to start his route at time zero in the right figureist@mer 2 is visited at time
one on day 1 and at time 2 on day 3, resulting in an arrival tiffierdnce of one time unit.
Figure 2.15 illustrates the effect of executing routes wuthidle time. All travel times are
again one time unit and service times are neglected. Onerdswisiting customers 1 and
3 on day 1 and customers 1, 2, and 3 on day 2. In the left figueedrilrer waits one time
unit before starting customer 3's service in order to aghjgsrfect arrival time consistency.
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Day3 [o (1] 2] (0] Day3 [o (1] 2] (0]
Day 2 [o 1 @ Day 2 1 @
Day 1 @ @ @ Day 1 [g @ @

Figure 2.14 Effect of fixed departure times on arrival timesistency (adapted from Kovacs
et al. [107]).
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Figure 2.15 Effect of prohibiting waiting along the route.

The right figure shows a solution that has a minimal maximumadrtime difference when

waiting is prohibited but later departure from the depotlisveed; by delaying the depar-
ture time on day 1 customers 1 and 3 are visited with an aniived difference of 0.5 time

units each. The maximum arrival time difference increaseme time unit at customer 3 if
departure time is fixed at zero.

In Chapter 3, we demonstrate that fixing departure times aoklilpiting waiting can
cause the travel cost to soar if arrival time constraintstaoetight (Kovacs et al. [107]).
E.g., in the ConVRP, a 60% tighter constraint on the maximuinal time difference in-
creases travel cost by up to 186.16%. The reason for thil resloe large number of routes
needed to cope with the strict arrival time difference craists. Allowing flexible departure
times reduces the impact of tight arrival time consistermystraints on cost significantly,
even without idle times along the route. Therefore, arttivaé consistency can be improved
without increasing working time (Kovacs et al. [103, 106]).

Francis et al. [67] examine the effect of operational fldkjoion arrival time consis-
tency in the PVRP-SC. Arrival time consistency deteriadig up to 9.8%, on average, if
the number of feasible visit schedules (i.e., combinatmfndays on which customers can
be visited) increases from three to ten.
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2.5.2 Person-oriented consistency

The person who benefits from person-oriented consistenejthier the customer or the
driver: driver consistency is beneficial for customersjoa@nd customer consistency de-
creases the learning burden and is, therefore, beneficiaricers. The three notions of
person-oriented consistency are very similar; in the b&st scenario, they are even equiv-
alent. Optimal driver consistency means that each custanasited by the same driver
each time. Optimal customer consistency is achieved bygmisgj each driver to the same
set of customers repeatedly. Region consistency peaks @damdriver is assigned to only
one region; since each customer is located within one regi@ch customer request is han-
dled by the same driver. In either case, each customer etezsuonly one driver, each
driver performs all routes in the same region, and each dreygeats service to a specific
customer a maximum number of times, i.e., driver, regiom, emstomer consistency are
optimal simultaneously.

However, person-oriented consistency measurements féeerdj in general, i.e., op-
timizing one measurement does not necessarily optimizéhanoThis is the case when
consistency has a lower priority compared to cost or wheouregs (e.g., vehicle capacity,
number of drivers) are tight. Consider, for example, twoehs who share the same service
region in order to increase routing efficiency. Drivers aigrece perfect region consistency
(i.e., there is one region per driver) but customers can biged by two different drivers.
Smilowitz et al. [158] and Zhong et al. [190] assume that #arning effect of visiting a
customer repeatedly decreases with increasing visit éecyy i.e., there is a convex rela-
tionship between the learning burden and the frequencysdfrvg a customer. In Smilowitz
et al. [157], the authors prove that minimizing the averagmloer of different drivers per
customer (i.e., optimizing driver consistency) is not &glént to minimizing the drivers’
average learning burden of visiting customers (i.e., ogziimg customer consistency). This
proof is illustrated in Figure 2.16. Three customers regjgervice on four days; the daily
demand is given next to each customer. There are two drivier$veo vehicles with a ca-
pacity of two units each; the routes of the first driver areaded with solid arrows and the
routes of the second driver with dashed arrows. d;etenote a driver’s learning burden per
visit if he visits a customeirtimes;a = (1,0.14,0.05,0.02). Given the fluctuating demand
and the tight vehicle capacity, only one customer can béeddyy the same driver at each
visit (in this example, customer one). The other customeustomers two and three) are
visited by both drivers. At the bottom of the figure, we show f@asible solutions (Option
1 and Option 2) for day 4. Both solutions yield optimal drigensistency with an average
number of drivers per customer gf+ 2+ 2)/3 = 1.66. Yet, only Option 1 provides op-
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Figure 2.16 Minimizing the average number of different drivper customer versus maxi-
mizing the average number of times the same driver is assigreecustomer (adapted from
Smilowitz et al. [157]).

timal customer consistency. The two options differ onlyhe visit frequency at customer
2. With Option 2, customer 2 is visited once by driver one dndé times by driver two;
the learning burden at this customer ig 1+ 3% 0.05= 1.15. With Option 1, customer 2
is visited twice by both drivers; the leaning burden is®214+ 2% 0.14 = 0.56. Therefore,
Option 1 is preferred to Option 2, if the goal is customer cstesiCy.

The focus in the next three sections is on modeling, solvémgl, evaluating problems
that consider person-oriented consistency.

Modeling person-oriented consistency

A common approach to achieve person-oriented consistsriopiisit each customer with
the same driver every time he requires a service (Coelha 32| Coelho and Laporte
[35], Day et al. [44], Francis et al. [66], Francis et al. [6@foér et al. [75], Haughton [82],
Kovacs et al. [107], Nowak et al. [129], Tarantilis et al. §1) This constraint is relaxed
in Erera et al. [57], Haughton [83], Kovacs et al. [103], Seider et al. [152], Spliet [159]
and Zhong et al. [190]. In Erera et al. [57], each customer bwyisited by two differ-

ent drivers; in Haughton [83] and Chapter 4 (Kovacs et al3]),Ghe number of different
drivers per customer is a user-defined parameter. In Chaptex propose a multi-objective
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approach where routing cost and the maximum number of diftedrivers per customer are
independent objectives of the problem (Kovacs et al. [LA6]Bpliet [159], each customer
is assigned to one driver in advance; on each day, at leagea fyaction of customers has
to be visited by the pre-assigned driver. In Schneider §182] and Zhong et al. [190], only

a fraction of customers is assigned to the same driver pesntlgn unassigned customers
may be visited by any driver in order to increase routing Baity.

Hard constraints on the number of different drivers peraust have mostly been used
in deterministic environments. Fixing the driver-customgsignment in advance in stochas-
tic environments might render routes infeasible when thesdcdlemand of the customers is
larger than the vehicle capacity. Another concern raiseddiyg tight constraints on con-
sistency is the loss of customer satisfaction and drivedyetvity if the usual driver has to
be replaced by an unfamiliar colleague (e.g., because dffarme fluctuation) (Haughton
[83]).

Some authors improve person-oriented consistency by igeralindesired driver-cus-
tomer assignments (or rewarding desired assignments)eimliective function (Coelho
et al. [32], Coelho and Laporte [34], Eveborn et al. [58], Kaland Schwind [110], Schnei-
der et al. [151], Smilowitz et al. [158], Zhong et al. [190Person-oriented consistency in
Sungur et al. [167] is improved implicitly by maximizing tisemilarity of the daily routes
to a so-called master plan. Similarity between two rout@saasured by counting the num-
ber of customers in a daily route that are within a given distato at least one customer
in the master plan route. This idea is illustrated in FiguE72 The left figure shows the
master plan with three customers 1, 2, and 3. The right figuvevs the daily route visiting
customers 1, 2, 4, and 5. Customers 1, 2, and 5 are within #ispetistance of at least one
customer in the master plan (denoted by a dashed circlegftre, the similarity between
the two routes is three. In Eveborn et al. [58], Kunkel andv8ot [110], Schneider et al.
[151], and Zhong et al. [190], existing customer-driver figamity is incorporated into the
solution process by specifying an individual assignmest tar each customer-driver pair.

In Feillet et al. [59], Haughton [83], and Smilowitz et al58], person-oriented con-
sistency is improved in a post-processing step: First, atieol is generated by ignoring
person-oriented consistency; then, each route is asstgrtbd driver who is most familiar
with the customers on the respective route or the regiomutiravhich the route passes.

Solving problems with person-oriented consistency consaations

Providing person-oriented consistency is an inherentfeaif a priori routing and district-
ing. Both approaches guarantee the highest possible pergarted consistency, i.e., each
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Master plan route Daily route
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Figure 2.17 Similarity between daily route and master ptarig according to Sungur et al.
[167].

customer request is performed by the same driver. Therefoaay recent solution algo-
rithms are based on either approach.

Districting approaches are proposed in Haughton [82], Hearg[83], Schneider et al.
[152], and Zhong et al. [190]. Haughton [82] applies theitradal districting strategy, i.e.,
each customer is assigned to one region that is served byriwee dn Haughton [83], each
region is served by a team of drivers. Schneider et al. [1B@]zhong et al. [190] associate
each driver with a fixed service territory; however, sentiegitories cover only a portion
of the customers. Additionally, in Schneider et al. [153kigned customers may be visited
by a different driver if the number of vehicles can be reducettiis way.

A priori strategies are applied in Groér et al. [75], Kovatsle [107], Nowak et al.
[129], Sungur et al. [167], and Tarantilis et al. [170]. Thajar challenge in generating a
priori routes is to find the right balance between risky arfé sautes. Figure 2.18 shows
two extreme strategies. The planning horizon is three dagdleere is an unlimited number
of vehicles with a capacity of four units each. Demand (q)iveig for each customer on
each day. The figure at the top shows a risky planning strateggomer demand is under-
estimated when the a priori routes are planned and all ces®are assigned to the same
vehicle. The routing plan is efficient, but capacity is viethon day 3; the routes have to
be rescheduled and at least one customer is assigned torads#oeer. The figure at the
bottom shows a conservative planning strategy; custommeadsd is overestimated and each
customer is assigned to a separate a priori route. Theirgsottuting plan is feasible and
highly consistent, but costly.

The proposed solution approaches mainly differ in the way teal with the trade-off
between risky, but low-cost routes and safe, but costlya®iite., how they estimate cus-
tomer demand and how they allocate resources for planneng thriori routes).

The a priori approach in Groér et al. [75], Kovacs et al. [1@nld Tarantilis et al. [170],
for the ConVRP considers arrival time consistency and pews@ented consistency at the
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Figure 2.18 Two extreme strategies for planning a priorte@suActual demand (q) is given
for each customer. Vehicle capacity is four.

same time. The a priori routes (referred to as template spotentain all customers that re-
quire service on two or more days during the planning perdalvak et al. [129] consider
a planning period of several months. Each customer reqaidiferent visit frequency for
periods of different length. All customers are includedhe & priori routes; the service
time of each customer used in the a priori routes is a funatfoime number of required
visits per week, the period of the service (e.g., severaka)eehe daily service time, and
the length of the planning horizon. In Erera et al. [57], oasérs placing an order and their
respective demands are random. Customers are partitiottethio groups: The first group
includes customers that may be visited by any driver (eugtoeners with low probability of
placing an order); the second group consists of customat$itive to be served by no more
than two different drivers (e.g., customers with high ptabgy of placing an order). Each
customer from group two is inserted into a primary a priotiteoand into a backup route.
On each day, when the actual demand is revealed, the primanigraroutes are updated
as follows: First, customers without demand are skippedp@, routes are checked for
capacity feasibility — if the demand on a route exceeds the&clecapacity, some customers
are moved to their backup route; finally, the partial routesfdled with customers from
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group one. Customers requiring service are also randomnguBet al. [167]. The a priori

routes, referred to as master plan routes, contain cussomtr a high probability of plac-

ing an order. Master plan routes are updated by skippingmests without demand and
by inserting unassigned customers into positions thatongsimilarity between the daily
route and the underlying master plan route. Customers finerlassigned if their insertion
would violate operational constraints. The updating egi&s in Erera et al. [57] and Sun-
gur et al. [167] involve a local search phase to improve thly dautes. So, in contrast to
traditional a priori approaches, customers are not visitélde pre-planned order.

In Chapter 4, we propose an iterative solution approachgiba¢rates routes day-after-
day. Infeasible driver-customer assignments are alloweithg the search process, but they
are penalized (Kovacs et al. [103]).

In Francis et al. [66], customers are visited by the samesdeach time in the PVRP-
SC. Additionally, the number of different routes each drikias to perform is limited by
picking visit schedules that have a special property. $denote the set of feasible visit
schedules an{f§ the number of elements i§ if Scontains|S — 1 schedules without any
common day and a schedule that is the union of these schethdaghe maximum number
of different routes each driver has to perform$— 1. Consider the example illustrated
in Figure 2.19. The planning period is five days and there iareustomers visited by two
drivers; customers can be assigned to one out of three els#idsiles: two disjoint sched-
ules, {1,3,5} and {2,4}, and their union, {1,2,3,4,5}. Cushers 1 and 2 are visited three
times (according to the first visit schedule), customersd3awice (according to the second
visit schedule), and customers 5 and 6 five times (accorditigetthird visit schedule). The
vehicle capacity permits two visits on each route. Eachedras to perform two different
routes.

Evaluating the cost of person-oriented consistency

In Groér et al. [75], the average incremental cost of vigitnstomers by a single driver over
the entire planning horizon is between 6.6% and 15% (theafaatrival time consistency
also contributes to this result); Haughton [82], report @erage increase of 17.4%. For the
IRP, Coelho et al. [32] and Coelho and Laporte [35], indiGateverage increase between
0.31% and 9.85% and 0.55%, respectively. Feillet et al.,[88nonstrate cost savings of
up to 7.5% when driver consistency is relaxed.

Enforcing driver consistency only for 75% of the customegsrdases the average in-
crease in travel cost from 12.7% to 2.9% (Spliet [159]). Ira@ter 4 and 5, we demonstrate
that travel cost decreases by up to 6.5% if customers maysitedby at least two different



2.5 Consistency 35

Visiton days 1, 3,and 5 Visit on days 2 and 4

Visit on each day

Routes on days 1, 3, and 5 Routes on days 2 and 4

©®)
0) (3

e
@ v
&
Figure 2.19 Reducing the number of different routes peredridy proper selection of visit
day combinations. Each driver can visit two customers a day.

drivers per customer instead of only one; the cost savintmrdd by allowing more than
two drivers per customer is negligible (Kovacs et al. [10B]).

Coelho et al. [32], Coelho and Laporte [34] and Smilowitz kt[&#58] incorporate
person-oriented consistency measurements into the olgdohction. For the IRP, Coelho
et al. [32] and Coelho and Laporte [34] report an increas@#t when consistency is opti-
mized between 0.07% and 3.54% and between 0.07% and 6.74p6&ctaely. According
to Francis et al. [67], the additional travel cost of visifigach customer by the same driver
is less than 2% in the PVRP-SC. However, the average numluivefs per customer in-
creases by up to 6.1% when person-oriented consistencyasdad; the average size of the
region a driver has to be familiar with increases by up to 7.83%Smilowitz et al. [158],
the authors show that even a small emphasis on personextiennsistency significantly
improves routing plan regularity with minimal impact on tdsocusing on consistency in-
creases routing cost by no more than 5.2%; in contrast, igg@onsistency reduces both
customer and regional consistency by far more. This sugghat solution approaches
devised for improving consistency perform better with rega cost than cost-driven ap-
proaches with regard to consistency. For example, solaggpmoaches that generate routes
first and improve consistency by matching drivers to routes post-processing phase gen-
erate low cost routing plans (e.g., Feillet et al. [59] andigfaton [83]). Yet, minimizing
cost often implies using fewer vehicles than would be ne¢dguiovide high consistency;
therefore, there is less room for improvement in the post@ssing phase.
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2.5.3 Delivery consistency

Consistency in the quantity delivered or in the frequencyleliveries has mainly been
modeled with hard constraints. In Coelho et al. [32], Coadhd Laporte [35], variations
in the delivery quantities are restricted to be within a #gpemterval. The interval for
each customer depends on the respective average daily derrathe PVRP literature,
consistency in delivery quantity is not considered explicbut it is assumed that the same
quantity is delivered to each customer at each visit regasdof the interval between two
consecutive visits (Francis et al. [66], Francis et al. [67he order-up-to-level policy is
investigated in Bertazzi et al. [9], Coelho et al. [32], ange®o and Laporte [35]. This
policy requires that each customer’s inventory be filledeatevisit; the delivery quantity is
equal to the difference between inventory capacity anddnent inventory position. Here,
the focus is rather on stable inventory levels than on si@dligery quantities.

Regularity in the visit spacing is achieved by bounding thaimum and maximum
time between two consecutive visits (Coelho et al. [32],IBoand Laporte [34], Gaudioso
and Paletta [70]). In Day et al. [44], consistency in the tighof the delivery is achieved by
assigning customers to cyclic visit schedules. Dependinthe inventory capacity and the
daily demand, customers are visited either daily, evergis@day, every third day, and so
on. For example, a customer with an inventory of 500 unitsaddily demand of roughly
150 units is visited in a three-day cycle.

The cost of improving delivery consistency is examined iel@o et al. [32] and Coelho
and Laporte [35]. Coelho et al. [32] report an increase ieiri@ry and transportation cost
of between 1.27% and 27.38%, on average, if the delivery atiskept stable; in Coelho
and Laporte [35], this cost increase is approximately 1.2T%e average increase in cost
of enforcing the order-up-to-level policy is 8.6% accoglin Coelho and Laporte [35] and
around 9% according to Coelho et al. [32]. In Coelho et al],[8& average cost of regular
visit intervals is estimated to be between 0.96% and 17.48%.

Francis et al. [67] compare two delivery strategies for tl@®P-SC: the first strategy is
to provide each customer with his true demand at each visit the demand accumulated
since the last visit); the second strategy offers a choited®n visiting each customer either
with his true demand or with his average demand. The lattategty is more flexible and
decreases the cost (composed of routing, inventory halding shortages) between 3.6%
and 4.8%. In all experiments, less than 10% of the custonrersl@ivered using stable
delivery quantities. So, in this case, cost is decreasedfbyirgg delivery consistency for
some customers (even if the number of these customers i smal

The actual cost of improving delivery consistency depemdhe input parameters such
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as number of customers, length of the planning period, ¢nsttsire, and the required level
of consistency.

2.6 Inconsistency

Service consistency improves customer satisfaction inge laumber of applications. Nev-
ertheless, there are applications in which consistencywganted. Consider, for example,
security companies such as Brinks, G4S, and Loomis speaiglin the transportation of
valuable objects. Banknotes, coins, diamonds, and impiotiacuments are moved by ar-
mored vehicles on a regular basis (e.g., ATMs are filled dadyenues of retailers are
collected at the end of each day). Vehicle capacity is rametyrictive; instead, the total
value of goods per vehicle is limited. The vehicle routestwasy from day to day in order
to reduce the predictability of service and, therefore,educe the risk of robbery (e.qg.,
Michallet et al. [118], Ngueveu et al. [126], Ngueveu et &RT], Yan et al. [187], Yan et al.
[188]). Another example is introduced in Wolfler Calvo and@me [183]. A company of-
fers overnight security service (e.g., patrol service asgection of buildings and company
grounds). Each night, guards visit the assigned custonmevgloicle routes. Management
puts emphasis on varying the nightly routes in order to gemehe predictability of visits.
At the same time, guards are assigned to the same custorpeegadly to increase their
familiarity with the assigned tasks (i.e., customer cdesigy is desired).

In Michallet et al. [118], Ngueveu et al. [126], and Wolflerl@aand Cordone [183],
the same set of customers is visited each day; the delivagtiies and the service times
are steady and the objective is to minimize cost. If incdesisy is disregarded, efficient
solution approaches will provide the same routing plan ekgh

Typically, inconsistency in multi-period routing problens achieved by altering the se-
guence in which customers are visited. An example with arptanhorizon of two days
and four customers is given in Figure 2.20. The figure at thiesk®ws the solution on day
1; the figure in the middle shows the solution on day 2. Eackersagment between two
customers is used only once; the visit sequence changesthbi®-3-4-0 to 0-2-4-1-3-0.
As a result, each customer is visited at different times gndand day 2 (shown in the
right figure). The problem of finding routes for a planningikon of m days that cover
the same customers each day without using any road segmeatthan once is referred
to as them-Peripatetic Vehicle Routing Problem{PVRP) (Ngueveu et al. [126], Ngueveu
et al. [127]). Them-PVRP generalizes the-Peripatetic Salesman Problem-PSP) by
introducing constraints on the vehicle capacity. &SP was introduced in Krarup [108]



38 Vehicle routing problems in which consistency consideragiare important

Day 1 Day 2

@D—Q 9’ 49 Day 2
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Figure 2.20 Inconsistency in the sequence in which custearervisited. Each customer is
visited at different arrival times on day 1 and day 2.

time

Day 1 Day 2

Figure 2.21 Example of a 2-PVRP. Each vehicle can visit fast@mers.

and further examined in, e.g., Ageev and Pyatkin [3], De kbit, De Kort [48], Duchenne
et al. [52], and Duchenne et al. [53]; an example for a 2-P$f/&én in Figure 2.20.

In any road network, the maximum number of “peripatetic’usioins is bounded. Let
the road network be denoted by a complete undirected dgaph{({0} UV,E); V is the set
of customers, 0 the depot, akdthe set of edges. The number of feasible edge disjoint so-
lutionsmis bounded byn < %‘ whereA is the minimum number of routes required per day
(Ngueveu et al. [126]). Figure 2.21 shows an example of a R#PWith eight customers.
There are two vehicles with capacity for four customers edblereforem < 2782.

Michallet et al. [118] and Wolfler Calvo and Cordone [183]weghat it is the incon-
sistency in arrival times that makes routes unpredictabtesecure; the routing as such is
less important. For example, in cash transportation, tieaf a robbery is highest when
vehicles stand still while serving a customer (Michalleale{118]). Often, it is impossible
to avoid unattractive routes if the goal is inconsistencyhi@ customers’ visit sequence.
Duchenne et al. [52] demonstrate that the optimal cost oP&RB-can be up to 250% higher
than four times the optimal TSP cost. Ngueveu et al. [126cae that the difference be-
tweenmtimes the optimal VRP cost and the optimmalPVRP increases witin. However,
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inconsistency in the arrival times can be achieved with agsbohcrease in transportation
cost. In Figure 2.20, for example, the route of day 1 can beatsggl on day 2 by visiting
customers in reverse order if the goal is inconsistency onlyhe arrival times. The re-
sulting solution fulfills the inconsistency requirementshwut increasing cost (assuming a
symmetric distance matrix).

In Michallet et al. [118], arrival time inconsistency is enfed by so-called time spread
constraints; here, the arrival times at each customer besgplanning period must differ by
a given value. Vehicle idling is prohibited to avoid roblesti The time spread constraints
are relaxed in Yan et al. [187, 188]. Routes are planned day déy; a routing plan is
feasible if a given fraction of customers is visited outsidé¢he prohibited time windows;
the time windows are determined by the routing plans of teedauple of days. The so-
lution approach in Wolfler Calvo and Cordone [183] first seltiee single-period routing
problem without considering arrival time inconsistencyhem, the working period is di-
vided into four time windows of equal width and customersga#itioned into four groups
according to their visit times; the customer-driver assignt is fixed in order to increase
customer consistency. There are 24 (i.e., 4!) possilsltieassigning customer groups to
time windows; the initial routing plan is one of them. The pobinconsistent routing plans
is extended by solving the single-period routing problenmi28e times, each time changing
the assignment of customer groups to time windows. Eachedah driver picks one out
of his 24 routing plans at random. The authors point out tleapde the high diversity of
the routing plans the average increase in travel time isthess 20% compared to the best
known routing plan.

2.7 Summary

Service consistency was already addressed in the 197Q'spyly in the last couple of
years have authors investigated measurements that quidrai€onsistency of multi-period
routing plans. In this chapter, we described early appresitiat acknowledge service con-
sistency as a side benefit. These approaches have beeterkinsiecent publications that
target service consistency explicitly. We grouped theggagrhes into three categories: a
priori approaches that derive daily routes from a set of lareped routes, districting ap-
proaches that assign each customer to a fixed service tgrsioviced by a single driver,
and approaches that ignore fluctuations in the demand bepashortages and inventories
at the customers.

We argued that service consistency can be achieved in timemndions: First, reduc-
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ing variations in the arrival times at the customers. Secwoigiting customers in regular
time intervals with similar delivery quantities. Third siting customers by the same driver
repeatedly (for consistency from the customer’s point efwior assigning drivers to the
same customers or regions as often as possible in ordereasetheir familiarity (for con-
sistency from the driver’s point of view). We reviewed th&ewant literature and classified
recent papers according to the considered dimensions sfstency. For each dimension,
we have described how the problems have been modeled aneflsoAdditionally, we
reported the increase in routing cost that is to be expected focusing on service consis-
tency.

In some applications, decision makers want to make therrgytians unpredictable in
order to increase safety (e.g., in cash-transportatiomcles and drivers are exposed to a
large risk of robbery if vehicle routes can be anticipat&ti. also reviewed vehicle routing
problems in which routes have to be different from day to day, consistency is unwanted.

In the next chapters, we present vehicle routing problemisabmbine traditional vehi-
cle routing constraints with the requirements for servigesistency. For each problem, we
devise specialized solution algorithms and perform cowrmparial experiments in order to
examine the increase in cost of improving service consigten



Chapter 3

The consistent vehicle routing problem

3.1 Introduction

The consistent vehicle routing problem (ConVRP), as defingdroér et al. [75], models
services that are performed by companies in the small packtaigping industry. The prob-
lem involves the construction of routes over a given timequere.g., several days, such that
customer demands are met. In addition to traditional velguiting constraints, the Con-
VRP also accounts for service consistency requirementssi€ency is achieved in two
ways: First, in order to form a stronger relationship betw#es supplier and the customer,
a customer can be assigned to only one driver. Second, tdeetiiebcustomers to be pre-
pared for a delivery, they have to be serviced at about the sane of the day. Consistency
requirements link the days in the planning period togetfi@erefore, it is not possible to
divide the multi-period problem into several single-pdrpyoblems.

In Groér et al. [75], the ConVRP is solved by a template apgrpee., template routes
are generated in advance and the routing plan for each déydmed by adapting the tem-
plate according to the daily requirements. Tarantilis e{E10] solve the ConVRP by a
template-based tabu search algorithm. The algorithm ig@livinto two phases: templates
are built in the first phase; daily routing plans are derivedfthe templates and then post-
optimized in the second phase. Sungur et al. [167] addressdtrier delivery problem
(CDP) that considers arrival time consistency and drivesiency; customer requests and
service times are stochastic. The CDP integrates soft timdows for customer visits but
driver consistency is not restricted to one driver per qusio The problem is solved by
a master and daily scheduler heuristic (MADS). Similar te tamplate concept, MADS
generates a master plan that can be converted into dailgglgsewith few modifications.

In this chapter, we present a new solution method for the GiP¥alled template-based
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adaptive large neighborhood search (TALNS). It combinesattaptive large neighborhood
search (ALNS) by Ropke and Pisinger [145] with the templatecept presented in Groér
et al. [75]. ALNS is introduced by Ropke and Pisinger [143jeTalgorithm is an extension
of the large neighborhood search (LNS) by Shaw [156] andatde related to the ruin and
recreate principle by Schrimpf et al. [155]. ALNS has beepligd successfully to solve
different variants of the vehicle routing problem (Pisinged Ropke [135], Ropke and
Pisinger [144, 145]), the technician and task schedulimfplem (Cordeau et al. [37]), and
the service technician routing and scheduling problem é¢s\et al. [105]). For a survey
on large neighborhood search see Pisinger and Ropke [13&litidnally, we introduce a
relaxed variant of the ConVRP in which flexible departuresets from the depot are per-
mitted. Relaxing the starting times leads to improved attilvne consistency at minimum
routing cost. We test our algorithm on available data sets fthe literature and show that
it is highly competitive. Based on the benchmark instanagsgenerate new data sets in
which time consistency is modeled in a more realistic way. phéide heuristic solutions
for these new data sets.

3.2 Problem definition

The ConVRP is defined on a complete directed g@ph(NU{0},A), whereN = {1,...,n}

is the set of customers and 0 is the depdt= NU {0}. SetA= {(i,]) : i,j €NOi# j}is
the set of arcs. Customers are visited on routes traversadhbgnogeneous fleet of vehicles
in the setK. There is a sufficient number of vehicles (i.&| = |[N|). Each vehicl&k € K

is located at the depot from where it departs at time zero dretevit must return to before
time T; each vehicle has a capacity @f The planning horizon involve®| days whereéd

is the set of days. On each ddy= D, each customere N has a given demangly and a
given service timeg. We use auxiliary parametevgy equal to one if customerrequires
service on dayl (gig > 0) and equal to zero, otherwise. Each @rg¢) € Ais associated with
travel timet;;. We assume that the travel time matrix complies with theangia inequality.
Each customerr€ N must be assigned to the same vehicle over the entire plapeingd

in order to improve service consistency. Furthermore, ifferdnce between the earliest
and the latest arrival time at each customer over all daysytdd by maximum arrival time
differencelmay is bounded by.. Vehicle idling to reduce the arrival time difference is not
allowed.
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The model uses following binary variables:

1,ifarc (i, j) is traversed by vehiclie on dayd,
Xijkd =
J 0, otherwise;

1,if customer is assigned to vehicleon dayd,
Yikd =
0, otherwise.

The continuous variablesy denote the arrival time at customieby vehiclek on day
d. Given this notation, the ConVRP can be formulated in theovahg model. The only
modification to the original model of Groér et al. [75] is thaension of thegjy variables
with indexk to better comply with our applications.

Minimize dz Z Z Z tij Xijkd (3.1)
€D keKieNO jeNO
subject to:
Yokd = 1 VkeK,deD, (3.2)
aokd =0 VkeK,deD, (3.3)
Z Yikd = Wig VieN,deD, (3.4)
keK
Zw QidYikd < Q VkeK,deD, (3.5)
le
Y Xijkd = Y Xjikd = Yikd VjeN’ keK,deD, (3.6)
ieNo ieNo
Wig +Wig —2<Vika —Yikg Vi€ENkeK,a,BeD,a#p, (3.7)
aikd + Xijkd (Sd +1ij) — (1 —Xijkd) T < Qjkd VieN,jeNkeK,deD, (3.8)
aikd + Xijkd (Sd +1ij) + (1 —Xijka) T > Qjkd VieN,jeNkeK,deD, (3.9)
aikd + Wid (S +tio) < Twig VieNkeK,deD, (3.10)
L—T(Wig +Wig—2) >ake —axg VieNkeK,a,BeD,a+#p,
(3.11)
Xijka € {0,1} Vi,je N’ keK,deD, (3.12)
Yikd € {0,1} VieNkeK,deD, (3.13)

kg > 0 VieNkeK,deD. (3.14)
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The objective function (3.1) minimizes the total travel &@minequalities (3.2) and (3.3)
define that each route starts from the depot at time zero.t2oms (3.4) guarantee that each
customer is serviced on each day he requires a service aqahilitees (3.5) make sure that
the vehicle capacity is not exceeded. Constraints (3.@)rerthat all assigned customers
have exactly one predecessor and one successor. Drivestenty is guaranteed in (3.7).
Inequalities (3.8) and (3.9) set the arrival times at theéarmsrs; vehicle idling to improve
time consistency is not allowed. Inequalities (3.8) alsevpnt sub-tours. The maximum
travel time is restricted by inequalities (3.10). Consttsi(3.11) ensure that the arrival time
difference for each customer is not greater thanConstraints (3.12) - (3.14) define the
domains of the decision variables.

3.3 Solution framework

We propose a template-based adaptive large neighborhaothd@ALNS) for the ConVRP.
Given an initial solution, ALNS integrates several destnogthods to repeatedly remove
parts of a solution and several repair methods to rebuilgp#rgal solution (Pisinger and
Ropke [136]). In contrast to standard vehicle routing peoid, we do not apply ALNS to
the actual routing plan but to the template on the basis oflfie routing plan is generated.
In the following, we describe the template concept and tferéint design elements of the
proposed TALNS.

3.3.1 The template concept

In the ConVRP, the daily routing plans are linked by the congtrs that require service on
several days. To handle these interdependencies, we useltti®n approach suggested by
Groér et al. [75]. It relies on the generation of templateesdrom which the actual daily
routes are derived. The template contains all custometsatkarelevant for consistency,
i.e., customers that require service on at least two days.réfée to these customers as
frequent customers and assign them toNskt The daily routes are obtained by resolving
the template routes: First, excessive customers are remé@xeessive customers are those,
that are considered in the template but do not require senica particular day. Second,
customers that request service only on one day are insemtdteaorresponding day. This
process is illustrated in following example: Assume a satustomers that require service
over three days as given in Table 3.1. The columns give th®uess from 1 to 8; the
first three rows define whether a customer requests a sematee(1) or not (value 0) on
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Customer 1 2 3 45 6 7 8
Day 1 1 01 0 0O 1 0 1
Day 2 11010110
Day 3 01 001111
Numberofservices 2 2 1 1 1 3 2 2
Template 11 000111

Table 3.1 Demand pattern.

Template Day 1 Day 2

Figure 3.1 Example: template and corresponding solution.

the corresponding day. The last but one row sums the numbsereices over the entire

planning horizon and the last row defines the customers thatansidered in the template.
Frequent customers are assigned to a template route (Vgaloerifrequent customers are
ignored (value 0). Each vehicle can visit at most three custs a day. A possible solution
for our example is given in Figure 3.1. All frequent customare served by two routes in
the template. The routing plan for each day is derived froentémplate: On the first day,

customers 2 and 7 are removed and customer 3 is inserted.affeeapproach is repeated
on each day. The template concept guarantees driver cemsyssince the customer-driver
assignment is not changed during the resolution of the tat@pAdditionally, the sequence
in which customers are visited in the template routes issteared to each daily route. The
resulting precedence principle supports arrival time stescy.

In order to create template routes that can be transforntedaifeasible solution with
low travel time, we incorporate daily demand informatiotoithe template construction.
First, for each frequent customer, we compute an artificemhandqgy and an artificial
service timesy;. These values are used throughout the template constmudtiocontrast
to Groér et al. [75], they are defined as the mean of the ofligie@and and service time
over all days irD and not only the days a customer requests service. Theyefargariant
implicitly considers the service frequency of each customg ands, are computed as
follows:

Oai = 7Zd|e§|qid vieN', (3.15)
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Template Day 1 Day 2 Day 3
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Figure 3.2 Artificial constraintsl; andQg, are set to small values. The solution is feasible
but the total travel time is very high.

Template Day 1 Day 2 Day 3
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Figure 3.3 Artificial constraintsly; andQg, are set to large values. The solution has a short
total travel time but it might violate the maximum travel &, the maximum capacit,
or the time consistency requirement

%zzﬁ$ﬁweNf (3.16)

Second, we use an artificial maximum tour length) (@nd an artificial vehicle capacity
(Qa) when constructing the template. The constraints contInumber of routes in the
template and, therefore, the number of routes in the dalgduales. Each customer will
be visited on a separate route in the template and in thespmneling solution ifT, and
Qa are tight. Such a solution would always be feasible withgurérrival time consistency
(Imax= 0). However, the total travel time would be very large. Lodgs@andQ; values lead
to long template routes. Given the triangle inequalityglooutes have shorter travel times.
Yet, when the template is resolved, it is more likely that tégulting solution violates the
real T andQ constraints and the time consistency requirement. Thetedfeusing either
tight or loose artificial constraints is illustrated in FigB8.2 and Figure 3.3, respectively.
We use differenlTy; and Q4 values every time a new template is generated in order to

diversify the search. The way we set the values deviates tinenapproach by Groér et al.
[75]. In Groér et al. [75], an estimate for both artificial straints is made on the basis of
the mean number of visits per day. Depending on whether otheobbtained solution is
feasible, the constraints are either relaxed or tightekégldefine upper and lower bounds
for both, T, and Q,, and search the interval between the bounds. The upper boQad
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andT,, are calculated as follows: First, for each ahywo lower bounds on the number of
vehicles are defined: one with regard to tour length and otie iegard to capacity. They
are denoted bilVr4 andNVg, respectively. The lower bounds with regard to capacity are
defined by -

NVoy = [ww vd € D. (3.17)

In order to compute the daily lower bounds that are based @miximum tour length
(NVrg), we first estimate the travel time on each day. This is donefplying Kruskal's
algorithm (Kruskal [109]) to define the minimal spanninget@®ST) among all frequent
customers requesting service on dbgnd the depot. We use the property that the cost of
the MST on dayd, denoted byf (MST), plus the cost of the shortest edge from the depot to
any customer is a lower bound for the cost of the optimal TS&iso and, therefore, also
a lower bound for the cost of the optimal VRP solution. By addihe aggregated service
times on dayd, we get a lower bound for the total duration of all routes.i@iivg this value
by the maximum tour length yields a lower bound for the nundfesehiclesNVfr 4:

f(MST) + minientoi + 5Nt Sd
T

NVrg = [ W vd € D. (3.18)

Let f(MSTempiatd be the cost of the MST among all frequent customerd’ and the
depot. By using artificial demandpg, and service times,, and bounddNVg, andNVrg,
we computeQ, and T, as follows:

n _ ZieNf Oaj
Qa= maxgep NVoy — (1— &)’ (3.19)

f(MSTemplate +MiNientoi + Yicnt Sai
maxjep NVrg — (1— €) '

Ta= (3.20)
Using artificial constraint€, and T, during the template generation, guarantees that the
number of routes in the template is never less than define8.bg)and (3.20), respectively.
To avoid solutions with more vehicles than the optimal nundfevehicles, we reduce the
maximum of the daily lower bounds by a value that is asymetmtione. This value is
expressed by X €, wheres is a small number. In our experimenésis set to 104,
Non-frequent customers are not considered in the calonlatf NV, andNVrg. In-
cluding all customers in the calculation would lead to Io@randﬁues and to more
template routes. This approach would prevent solutionshithvfrequent customers are
served by the minimum number of routes and all non-frequastiocners are served on sep-
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arate routes.
Lower boundsQa and Ty, are set to the artificial constraint values that yield thst fir
feasible solution.

3.3.2 Constructing an initial solution

The initial template routes are built by a construction istio. A template is accepted as the
initial one if it results in a solution that satisfies the caipaand the tour length constraints;
arrival time consistency may be violated. It is much hardezdmply with the arrival time
consistency requirement as it is only considered impjid¢itf the template concept.

Artificial constraintsT, andQ; are initially set to the respective upper bounds (equations
(3.19) and (3.20)). Then, we iteratively generate and wesdifferent templates by tight-
ening the artificial tour length and capacity constraints| am initial template is foundT,
andQ, are tightened by 1% each time the respective constrainbiated.

During the construction phase, we use a greedy approacimngBisand Ropke [135],
Ropke and Pisinger [145]) to insert customers into the tateplThe heuristic inserts cus-
tomers one after another into their cheapest position alhtiustomers have been assigned.
Every feasible insertion position is checked for every tesitiled customer. The customer
who causes the least increase in the total travel time istetsénto his best position. Let
Cik represent the change in the total travel time if custoneemserted at his cheapest posi-
tion into routek. For customers that cannot be inserted into feasible positwe setj to
infinity. In each iteration, customét is inserted into template rouké for which

(i",k"):=arg min Ccgy. (3.21)
ieNf kek
The same approach is used to insert non-frequent custoragrggdhe resolution of the
template. Here, non-frequent custoniers inserted at his best position into route for
which

(i",k"):=arg min Cci. (3.22)
ieN\NT keK

We add an empty route if there is no feasible insertion pwsiti the existing routes.

Feasibility refers to the artificial capacity and tour ldmgbnstraints during the template
construction and to the real constraints during the remwiutArrival time consistency is
checked only when the routing plan is completed.
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3.3.3 Template-based adaptive large neighborhood search

We use the TALNS to improve the initial template and consatjyehe initial solution.
TALNS integrates several operators that are used to regigatestroy and repair the cur-
rent template (Pisinger and Ropke [135], Ropke and Pisifiget, 145]).

The pseudocode of the TALNS is presented in Algorithm 1. lchageration, one de-
stroy and repair operator pair is selected based on its ppeafoce in past iterations (line
3). The chosen pair is applied to generate a new templageg)inThe destroy operator re-
moves assigned customers from the template routes. Theveehcastomers are reinserted
into the template by using the according repair operatoe réimsertion is performed with
regard to artificial constraintg, andQ, (line 4). The new template is resolved (line 6), i.e,
excessive customers are removed and non-frequent cust@memserted as described in
Section 3.3.2. The decision to move to the new template ¢asely solution) or not is
made by a simulated annealing acceptance criterion (line 7)

In case the initial solution violates the time consistenmystraint, the first priority is to
find the first feasible solution. Therefore, we tighten thtfielal template constraints and
force the template routes to become shorter. We reduce Bio#mdQa, by 1% every 58
iteration until we find a solution that complies with all ctmragnts. The artificial constraints
that led to the first feasible solution are set as lower bouhRgandQ,, for Ta andQa.

In the remaining iterations, the artificial limilg andQ; are selected randomly between
the corresponding lower and upper bounds (line 4):

Qa = Qa+Y(Qa—Qa), (3.23)

Ta:E+y(T_a_E)- (3.24)

Random numbey is chosen in the interval [0,1]. The last step is to updatg#réormance
of the applied destroy and repair operator pair (line 14 TALNS terminates as soon as
a given number of iterations is reached.

Acceptance criterion

The simulated annealing acceptance criterion (Kirkplatat al. [97]) is used to decide

whether or not a new templaté that produces solutios should become the current in-
cumbent template. We accept a new templatéwhen the corresponding solution’s objec-
tive valuef(s') is lower than that of the current incumbent solutiig(s). Inferior solutions
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Algorithm 1 TALNS

Require: initial templatetr and corresponding solutian > Section 3.3.2
1. Pest—g > f(s) = w if sis infeasible
2: repeat
3 select a pair of destroy and repair operatats) > Section 3.3.3
4:  selectTy € [Ty, Ta) andQa € [Qa, Q4 > Equations (3.23) and (3.24)
5: T’ = generateNewTemplate(d, r, Ta, Qa)

6: s = resolveTemplate()

7: if accept§,s) then > Section 3.3.3
8: T=T1

9: s=¢

10: end if

11 if f(8) < f(sP®SY then

12: soest— o

13: end if

14: update joint performance of operatatandr > Section 3.3.3

15: until maximum number of iterations is reached
16: return sPest

are accepted with probability(f(8)=f(9)/t . parametef is the current temperature; it is
initialized only when the first feasible solution (with regp to all constraints) is found:

We

t:_InO.Sf(S>

(3.25)

Based on Pisinger and Ropke [135] and Ropke and Pisinge}, [ié5Sett such that av;%
worse solution is accepted with a probability of 5086;is a parameter to be determined.
The temperature is decreased by the geometric annealirglslehf = fc; ¢ denotes the
cooling rate.

Infeasible solutions are rejected urittias been initialized (i.ef,(s) is set to infinity).
Afterwards, we tolerate violations of the arrival time cistsncy constraint. The probability
of accepting solutions withnax> L is based on an artificial objective functiggs):

ITALNS_

9(s) = f(S) + (Imax— L)e{ & Ppenaity (3.26)

The penalty is controlled by paramet@senary 0, and the current number of TALNS itera-
tionitaLns The higheitans(i.€., the further the search process), the lower the piibtyab
of accepting infeasible solutions. Settidg= 6000 was found to work well during the im-
plementation of the algorithm.

The best found solutios”®stis replaced i is feasible and (3) < f (s,
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Selection of destroy and repair operators

In each iteration of the TALNS, we generate a new templatedpjyang one destroy op-
eratord, and one repair operator The selection of these operators is performed by the
adaptive selection mechanism proposed by Pisinger andeq@@k]. In our case, however,
the selection and remuneration of the destroy and repanatyps are done pairwise rather
than separately. Slightly better results are achievedtiiselection mechanism in Kovacs
et al. [105]. We record the joint performance of the operatiirs and assign weights,
according to their past performance. The better the reghtined by a pair, the higher the
weight and, therefore, the probabiligy, for being chosen in future selections. We define
the selection probabilities as follows:

Pdr
Gir = —pr——p—— (3.27)
r Sty > P

The number of available destroy and repair operatorgjiandn;, respectively. Roulette
wheel selection is used to choose one pair in each iteration.

Pairs can earn scoregg,, each time they are applied. The scores are collected during
time segments of 100 iterations according to the followiatiqrn:

;

Yqr + 01, if the destroy-repair pair yielded a solution that
improved the global best soluticfi®st

Yqr + 02, if the destroy-repair pair yielded a solution that

Yar = was not visited before and improved the incumbent solugjon

Yqr + 03, if the destroy-repair pair yielded a solution that was netted before
and was accepted as the incumbent soluj@ithough it was worse;

Wqr, otherwise.

\

Parametergn, 02 andos are defined by the user. To find out whether or not a solution
was visited before, we store the objective values of preshotound solutions in a hash
table.

Initially, weights py, are set to one and the scongg are set to zero. After each time
segment, the weights are updated andjgjlvalues are reset to zero:

WYdr

Pdr = preactm + (1 — Preact) Pdr- (3.28)
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The influence of new solutions on the weights is controllethgyreaction factopyeact;
Ogr counts how often paifd,r) was selected in the current segment.

Destroy operators

Before the chosen destroy operator can be applied, we hagetéomine the number of
customers to remove, We choosel randomly in the interval
[min{0.1|N|,30},min{0.4|N|,60}] as suggested in Pisinger and Ropke [135].

In the following sections, the applied destroy operatoespaesented and their charac-
teristics to work on different types of neighborhoods armfeal out. They are all based on
Pisinger and Ropke [135], Ropke and Pisinger [145], and B@pid Pisinger [144].

Random removal The random removal operator randomly removes customerstfie
template routes. This is done repeatedly umtustomers have been removed. The aim of
the operator is to diversify the search.

Worst removal The worst removal operator iteratively removes custontesdontribute
the most to the template’s total travel time. The idea is vorfdéhe reinsertion of customers
at cheaper insertion positions than the current onesh laed j be the predecessor and the
successor of customerrespectively. Then,

d(i, T) = thi +tij —th] (3.29)

represents the saving that is obtained by temporarily rémyasustomer from the template

7. The removal is randomized to avoid outlying customers todmeoved over and over
again. Thel(i, 1) values are sorted in ligt in decreasing order. In each iteration, customer
i ;= L[yPworst|L|] is removed;y is a random number in the intervil, 1) and pyorst is the
parameter that controls the impact of randomization. d@tier) values are updated and
customers are removed unticustomers have been removed.

Related removal The related removal operator (Shaw [156]) is based on thereagon
that it is easier to interchange customers within a schedhén they are somehow related.
The relatednes# (i, j) between two customersndj is composed of geographical vicinity,
tij, difference in demandjy;, and similarity in visit frequencyy;. The smallerZ(i, j), the
higher the similarity between two customers. The impactaahemeasure is controlled by
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parameterd, u, andv, respectively.
Z(i,]) = Alij + H|0aj — Gaj| — VY (3.30)

Relatedness in terms of visit frequengyy X is characterized by the number of days on which
either both custometisand j are serviced or neither of them.

yij = |D| —dz |Wig — Wiq]| (3.31)
)

Including y;j in Z(i, j) does not favor the interchangeability of customers in tieplate.
Yet, it supports the grouping of similar customers whichiagapports the compliance with
the arrival time consistency requirement when the temptatesolved. The procedure is
initialized by removing a randomly chosen customer fromtémeplate and inserting it into
the set of removed customeBs In each iteration, one customer is chosen randomly from
Sto calculate the%(i, j) values. The removal operator is randomized to obtain aioerta
degree of diversification. Therefore, @(i, j) values are sorted in lidt in increasing
order, and customer.= L[yPrelated|L|] is removed from the template and addedbtdigain,

y is a random number in the intervfl, 1) and prejated IS the parameter that controls the
impact of randomization. The removal is repeated untiistomers have been removed.

Cluster removal The cluster removal operator (Ropke and Pisinger [144])eshthe idea
of removing related customers; so, it can be interpretedwasiant of the related removal
operator. However, relatedness is defined only in termsadigghical distance. The cluster
removal operator removes complete clusters of customens #w would be exceeded.
Clusters are identified by computing the minimal spannieg among all customers in the
same template routéKruskal [109]). By deleting the longest arc of the tree, vagain two
clusters. One of them is selected randomly and all custobeonging to that cluster are
removed. This approach is illustrated in Figure 3.4.

The first route is selected randomly. The following routes selected as follows: A
customer from the currently removed cluster is chosen naygoThe route that contains
the closest customer to the previously selected custontehas at least three customers
is destroyed next. The procedure is continued either untdastu customers have been
removed or no more routes with at least three customers exist

1The ConVRP is defined on a digraph. We convert the digraphantandirected graph by setting =
tji = min{tj,t;i }.
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Figure 3.4 Cluster removal operator.

Repair operators

After customers have been removed, we use the greedy hewamst four variants of the
regret heuristic (Pisinger and Ropke [135], Ropke and Besifl44, 145]) to reinsert all
removed customers back into the template routes. The apsrabrk at the template level.
So, only the artificial tour length and capacity constraitandQ, are considered during
the repair phase.

Greedy heuristics The greedy heuristic for constructing the initial templeteised as

a repair operator. It inserts customers, one after anotimsif, all frequent customers are
inserted. For each unassigned customBI’, we check each feasible insertion position and
assign the customer who can be inserted the cheapest intbdapest position. For further
details see Section 3.3.2.

Regret heuristics Similar to the greedy approach, the regret heuristic (Potmd
Rousseau [137]) inserts frequent customers one after @anbthchecking every feasible
insertion position. However, it includes a look ahead congm denoted by regret. This
value represents the possible loss that may arise if a ces®msertion is postponed to
later iterations. In the basic variant of the heuristic,¢bistomer with the largest difference
between inserting him into his best route at the best pos#ial inserting him into his sec-
ond best route at the best position is inserted in eachibaralhis concept is extendable
to consider more than two routes (Pisinger and Ropke [138pkRB and Pisinger [145]).
So, difficulties in future insertions can be identified earliLetc denote the change in the
total travel time for inserting customeat his cheapest position in hischeapest route. If
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it is not possible to insert a customer into a roufeis set to infinity. In each iteration, the
customei™ to be inserted is given by:

min(g,m)
i*:=arg max{ ; (ch— cil)} (3.32)
ieNf h=
Parameteq defines the number of routes considered in the current regrgistic variant
andm is the number of currently available routes. An empty roatadded whenever it is
not possible to assign further customers.
Following Pisinger and Ropke [136], we use four regret retios withq € {2,3,4, m}.

3.3.4 Further improvements

Due to the interdependencies between the days in the ConviRBifficult to predict rea-
sonable insertion positions based on partial solutionserdfore, we randomize the route
construction as suggested by Ropke and Pisinger [145]. @ahe@omization is done by
drawing a random numbaerin the interval[—n max jentij, n max jentij] and adding it to
the insertion cost of each customer. Paramgteontrols the amount of randomization.
Whether a repair operator inserts customers accordirgotoc + y into the template, de-
pends on the past performance of the heuristics with andowithoise. The decision is
made by the adaptive selection mechanism as described 1i01$8c3.3. We apply noise
with a probability of 50% when inserting non-frequent cuséss into the routing plan.

The TALNS puts emphasis on constructing minimal cost teteplautes and relies on
the template concept to achieve service consistency. Hawavow cost template does not
always result in a low cost routing plan. This is especiallietwhen only a small portion
of the customers is considered in the template. Also, theliaie concept might perform
poorly when the majority of the customers is inserted inetdmplate but many customers
have to be deleted from the routes during the resolutions ®sue increases with longer
planning periods.

We apply a truncated 2-opt operator (Lin [116]) to the dadytes each time we ob-
tain a solution that complies with the tour length and theac#ty restrictions. Truncated
means that only sequences with a maximum of three custonerdenreversed. The time
consistency requirement prevents the reversal of longesems. Additionally, a lot of com-
putational time can be saved by this restriction.

The effect of this operator is twofold: First, the routes a comply with the prece-
dence principle after applying the 2-opt operator, i.estomerse N are not visited in the
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same order on each day. Experiments by Groér et al. [75] ®CdnVRP show that in 2
out of 10 instances deviations from the precedence pri@cp needed to obtain the opti-
mal solution. Second, holes caused by the removal of exeesgstomers may be filled by
moving non-frequent customers to different positions mrtlkar neighborhood.

The 2-opt operator accepts only feasible modifications.rdfbee, besides improving
the objective function value, it may also repair previousfgasible solutions.

In contrast to the TALNS, the consistent record-to-recanditson approach presented
in Groér et al. [75] operates only at the template level anelsdwot include any post op-
timization, i.e., the solutions comply with the precedepcaciple of the template. The
template-based tabu search of Tarantilis et al. [170] nateg a post-optimization phase
that is executed each time a new template is resolved. Piffaneighborhood operators
are used to move non-frequent customers to different positfrequent customers are not
moved. So, the precedence principle of the underlying tatep$ not altered either.

3.4 The ConVRP with shiftable starting times

In this section, we propose a modification of the original Z&RP model and two solu-
tion approaches. In the ConVRP, all vehicles have to leaged#pot at time zero and
waiting times between customer visits are not allowed (sequalities (3.3) and (3.9) in
Section 3.2). The effect of these constraints is illusttatefollowing example: Two cus-
tomers, 1 and 2, with service time zero have to be servicedapé&nning period of three
days. The maximum arrival time difference is bounded by ane (). Tour length and ca-
pacity is unbounded. Both customers require service onritedfay, on the second day only
customer 1, and on the third day only customer 2. All possiblenections require a travel
time of one time unit. The optimal solution with one vehideresented in Figure 3.5.

If vehicles leave the depot at time zero, the obtained smutesults in a maximum ar-
rival time difference of onelfax= 1) and the total travel time (TT) is 7. If was setto a
value smaller than one, two vehicles, one for each custonmerd be needed to solve the
example. The resulting cost would BE = 8. The departure time from the depot may be
delayed in Figure 3.6. The vehicle on the third day departsreg one which results in a
solution withlax= 0.

In our relaxed ConVRP variant, the constraint for the stgrtimes to be zero is omit-
ted (inequality (3.3)), i.e., a later departure from theatdap allowed. Solutions that are
infeasible because of the arrival time consistency requerd can be repaired by adjusting
the departure time of each vehicle and, therefore, theadtimes at the customers. This
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Figure 3.5 Departure time from depot is zeigax= 1.
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Figure 3.6 Departure time from depot is flexiblgax = O.

concept is integrated into the solution method by calling@air mechanism each time the
TALNS produces a solution that violates the arrival timesistency requirement. The re-
pair mechanism tries to make the routing plan feasible bjisithe departure times from
the depot. The template routes are not affected by the repahanism.

In the next two sections, we propose an exact and a heumegt&rrapproach.

3.4.1 An exact repair approach

To optimize the starting times of each route on each dagyy), we solve following LP
model with IBM’s ILOG Cplex 12.1.

Minimize ax (3.33)
subject to:

(Gia — aig)WiaWig < Imax VieN' a,BeD,a+pB, (3.34)
aikd + Sid +tij = ajkd V(i,j) € A, ] #0,deD,keK, (3.35)
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ajkd + Wid (Sid +tio) < Twg VieNkeK,deD, (3.36)
aikg > 0 VieNkeK,deD. (3.37)

The objective (3.33) is to minimize the maximum arrival tidiference | nax. The arrival
time difference for each frequent customer is defined bytcamss (3.34). Equations (3.35)
(derived from (3.8) and (3.9)) link the arrival times of cenative customers; séq gives

the arcs traversed by vehidteon dayd. Constraints (3.36) ensure that each vehicles returns
to the depot before tim&. To avoid deliveries beyond usual business hours, we do not
bound the tour duration but the time interval in which a tcam be executed. Non-negativity

is stated in constraints (3.37).

3.4.2 A heuristic approach

Our heuristic repair mechanism iteratively identifies thistomeri* with the largest dif-
ference in his arrival times (computed as in constraint34)3. The day when customer
i*'s service starts earliest is denoteddoyand the day wheii’s visit starts the latest is de-
noted byp. If i*’sroutek on dayp is already delayed, we first try to reduce that delay by
decreasing the departure time from the depot as follows:

aokg = aokp — (Imax—L) (3.38)

If this is not possible because of the non-negativity camsts (3.37), we try to delay the
departure time of vehiclie on daya:

Aoka = Aoka + (Imax—L) (3.39)

The departure times are shifted until the routing plan isegiteasiblelfax < L), Imaxis not
decreasing from one iteration to the next, or when the laggatn to the depofl() would
be exceeded.

3.5 Computational results

The TALNS is implemented in C++ and run on Intel Xeon X5550 poiters with 2.67GHz.
Results are obtained by running the algorithm with 3000@itens ten times per instance.
All results reported in the following sections are averagki@s over these ten runs.
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3.5.1 Data sets

The data set used to test the described algorithm is progys@doér et al. [75]. It is based
on the Christofides benchmark instances for the vehiclengyiroblem (Christofides and
Eilon [31]) and consists of 12 instances with a planningzaniof five days each. The num-
ber of customers is between 50 and 199 and the visit frequen@b. The visit frequency
is the probability with which requests were assigned toamsts and days when generating
the instances. We refer to this data set as datA.set

For more extensive testing, we extend the original benckihata set and generate two
modified sets. The modifications concern the visit frequewtych is set to 50% and 90%,
respectively. The demands and the service times are seatitotiiginal values. The lower
the visit frequency in the instance generation, the higheprobability that a customer has
no request at all. We assigned one visit on a random day toaestbmer without demand.

In order to investigate the influence of the maximum arrivakt difference constraint
on the results, we tested four differdntalues for each instance. To define reasonable
values, we ran the algorithm on each instance without bawgitiie arrival time difference.
The vector of maximum arrival time differences obtainedimiyithese runs is denoted by
L;. The vectors with the reduced maximum arrival time diffees) i.e.,Los, Log, and
Lo.4, are calculated by multiplying, by 0.8, 0.6, and 04, respectively. For easier handling,
we rounded all values to integers. The set of modified ingtsuns referred to as data set
B = {Bos,B0.7,Boo}; B contains data sets with 50%, 70%, and 90% service frequencie
Table 3.2 presents the number of customerghat have to be served in each instance. The
number of frequent customet® |, i.e., the number of customers in the template is given
for each instance with the corresponding service freqasn8F. The last row shows the

average numbers of customers. Table 3.3 reports the ajipliallies.

The real-world data set used by Groér et al. [75] is not ablalaSo, we adapted Gehring
and Homberger’s [71] benchmark instances for the vehicléng problem with time win-
dows (VRPTW) to test the algorithm’s behavior on large peobinstances. We refer to the
large data set as data $&%4e. The instances are divided into six different classes. Each
class is characterized by a different spatial distribuabthe customer locations (clustered
(C1, C2), random (R1, R2) and random clustered (RC1, RC2)pardifferent scheduling
horizons (short scheduling horizon (R1, C1, RC1), long dalirg horizon (C2, R2, RC2)).
We used one instance of each class with 1000 customers agrabext them to a planning
horizon of 25 days (i.e., five consecutive weeks with five dgga@h). In order to turn the sin-
gle period instances into periodic ones, we chose a semageéncy of 50%. The demands
and service times were chosen randomly according to a Rodistribution with the mean
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NT]
Instances n|SF=50% SF=70% SF=90%
Christofides 1 5| 50 39 48 50
Christofides 2 5| 75 59 74 75
Christofides_3 5| 100 79 95 100
Christofides_4 5| 150 116 149 150
Christofides 5 5| 199 153 195 199
Christofides 6 5| 50 40 48 50
Christofides 7 5| 75 59 75 75
Christofides_8 5| 100 79 98 100
Christofides_ 9 5| 150 116 147 150
Christofides_10 % 199 153 193 199
Christofides_11 5120 91 116 120
Christofides_12 5% 100 79 97 100
Average 114 88.58 111.25 114

Table 3.2 Total number of customers and number of frequestbauers in instances with
different service frequenciesF.

equal to the demands and service times in the original VRPiAstaAnces; time windows
were omitted.

3.5.2 Parameter tuning

The TALNS is controlled by several parameters. The initdlieg was chosen according to
the values suggested by Ropke and Pisinger [145]. We thehtbhedoenchmark data set of
Groér et al. [75] and their values (i.e., data s&) to fine tune the parameters. A sequential
approach was used to tune one parameter after another. fldragiar value that resulted in
the best average objective value over five runs was chosen.

We tuned parametes; that controls the starting temperature of the simulatecalan
ing, cooling ratec, and the penalty factor for infeasible solutiopsenaity The parameters
that were tuned for the adaptive selection of operatorsheredaction factopreact and the
scores for performanagy, 0>, andos. In the repair phase, we adjusted the noise parameter
n. In the destroy phase, the randomization parameigss: and prejateds @and the weights
for computing the relatedness measurementA.g1, andv, were set. The parameters were
tested in the same order as listed in Table 3.4. The sequentiag of all parameters was
repeated three times. Table 3.4 provides the final values.

The parameter tuning led to an improvement df% on average. Therefore, we con-
clude that the algorithm behaves robustly with respectectiosen parameters.
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SF=50% SF=70% SF=90%
Instances Los Los Loa|Llos Loe Loa|Llos Los Loa
Christofides 1 5| 54 41 27| 34 26 17| 32 24 16
Christofides 2 5| 41 31 20| 35 26 17|20 15 10
Christofides 3 5| 46 34 23| 30 22 15| 23 17 11
Christofides 4 5| 37 28 18| 22 17 11| 18 14 9
Christofides 5 5| 31 23 15| 28 21 14| 10 7 5
Christofides 6 5| 70 53 35| 64 48 32|52 39 26
Christofides 7 5| 61 46 30| 67 50 33| 56 42 28
Christofides 8 5| 83 62 41| 59 44 29| 49 36 24
Christofides 9 5| 78 59 39| 71 53 35| 43 32 21
Christofides_ 10 5 58 43 29| 61 46 30| 34 25 17
Christofides 11 5 38 29 19| 15 11 7116 12 8
Christofides_12 %5 22 17 11| 17 13 8 | 10 7 5

5
5
5
5

SO

Table 3.3 Maximum arrival time differences for instancegwdifferent service frequencies
SF.

We c Preact 01 02 03 Ppenaity N Pworst Prelated A MV
0.01 09999 0.18 24 3 4 2 0.025 2 4 6 7 12

Table 3.4 Parameter setting TALNS.

3.5.3 Results for benchmark instances (data s#)

In a first step, we examine the impact of the number of TALN&tiens on the solution
quality. Table 3.5 shows the total travel times plus the egated service timésT T, of
the best solutions found during the development of the dlgor In the first column, we
indicate the instance names and the corresponding numbmrstdmers that have to be
served. The remaining columns give the average gap to thedsests and the computation
time, CPU, in seconds for the solutions found after 10, 30, 50, and @Qgand iterations,
respectively.

Clearly, the solution quality improves with longer compida times. To be competitive
in terms of solution quality and running time, we chose 30@8@tions for our experiments.
This number of iterations is sufficient to obtain stable lssover several runs. The resulting
average variation coefficient (standard deviation / mesf)0097 for a sample of ten runs.

An analysis of the destroy and repair operators is presemieables 3.6 and 3.7, respec-
tively. The tables list the application frequency (numbiezalls per TALNS iterations)AF,
for each operator and for each instance. The average cotigoutine, CPU, for a single

2\We add the aggregated service times to the objective valbe tonsistent with the literature.
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Best found| 10000 iterations| 30000 iterations| 50000 iterations| 70000 iterations
Instances (# Customers) TT | Gap(%) CPU(s) | Gap(%) CPU(s) | Gap(%) CPU(s) | Gap(%) CPU(s)
Christofides_1_5 0.7 (50) 2124.21 6.09 1.80 3.33 5.45 1.80 9.25 1.45 12.79

Christofides_2_5_0.7 (75) 3530.01 3.00 4.92 2.13 14.69 1.75 24.35 1.56 33.74

Christofides_3_5_0.7 (100)  3285.55 2.79 8.74 1.60 25.58 1.44 43.46 1.39 61.22

Christofides 4 5 0.7 (150) 4484.89| 427 2913 254 8431 210 139.14 205 189.63
Christofides_5 5 0.7 (199) 5556.13| 4.31  44.84 233 12224 205 199.47 193 269.09
Christofides_6_5 0.7(50) | 4051.48) 0.01  2.19| 0.00  6.63 000 11.11 000 1541
Christofides_7_5 0.7(75) | 6653.48) 351  6.20] 229 1833 211 3052 193 4321
Christofides 8 5 0.7 (100) 7096.88] 1.96 10.65 1.35 3224 129 5341 122 7553
Christofides 9 5 0.7 (150) 10331.80 3.06 34.32 114 97.39 096 15342 076 206.32
Christofides_10_5 0.7 (199) 12973.60| 3.76  54.81 2.04 14632 1.67 23213 155 316.02
Christofides_11 5 0.7 (120) 4459.06| 2.33 13.15 1.07 3596 0.69 56.96) 0.68 76.73
Christofides_12 5 0.7 (100) 3487.50, 224 892 122 2560 1.08 4272l 088 5845

Average 5669.55 3.11 18.31 1.75 51.23 1.41 82.99 1.28 113.18

Table 3.5 Impact of TALNS iterations on solution qualify], and computation timé&;PU.

call is given in milliseconds. The average application frexcy and the average computa-
tion time over all instances are shown in the last row of théets

With regard to the destroy operators, the random removabbmeis chosen in the ma-
jority of the cases with 41% on average. This result indsaite need for diversification
in the ConVRP. The regret operators wifh= 2 andq = 3 are together used in 57% of the
iterations to repair the destroyed templates. The apmicétequency of the least often ap-
plied destroy and repair operator is 10% and 11%, respégtiVeese values indicate that
all operators contribute to the actual performance of therghm. The repair operators are
randomized in 49% of the cases (Section 3.3.4).

There are significant differences in the computation tinfek@operators that can lead
to unpredictable total running times. The TALNS adapts thgliaation frequency of the
operators on the basis of the test instances to be solvedit ¥enhot possible to estimate
the share of each operator in advance. As a result, instavitesimilar parameters (e.g.,
number of customers) may require different computatioremStability in terms of run-
ning time can be achieved by restricting the selection ofgarated operator pairs, e.g., by
normalizing the scoréy, in equation (3.28) (Pisinger and Ropke [135, 136]).

Stable running times are secondary in our applicationsrefbee, we allow the adaptive
mechanism to choose freely without any bias.

In a next step, we compare the results of different TALNS cpméitions: the TALNS as
described in Section 3.3, the TALNS without using the traed&®-opt operator from Sec-
tion 3.3.4, and the TALNS with the exact repair mechanismL(N&+ER) and the heuristic
repair mechanism (TALNS+HR).

We also examine a variant of the TALNS that allows a partialation of the driver
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Random removal Worst removal | Related removal Cluster removal
Instances AF CPU(ms)| AF CPU(ms)| AF CPU(ms)| AF CPU(ms)
Christofides_1 5 0.7| 0.37 0.002 0.23 0.066| 0.30 0.052] 0.10 0.035
Christofides_2 5 0.7| 0.48 0.003| 0.12 0.153 0.30 0.128/ 0.11 0.037
Christofides_3 5_0.7| 0.37 0.004| 0.25 0.296| 0.31 0.230] 0.07 0.085
Christofides_4_5_0.7| 0.49 0.006| 0.18 0.751] 0.28 0.584| 0.04 0.098
Christofides_5 5 _0.7| 0.52 0.008| 0.21 1.151 0.23 0.872 0.04 0.126
Christofides_6_5_0.7| 0.30 0.003| 0.25 0.064| 0.27 0.045| 0.17 0.029
Christofides_7_5_0.7| 0.47 0.003| 0.15 0.163| 0.17 0.130] 0.22 0.030
Christofides_8 5 0.7| 0.38 0.004| 0.24 0.307 0.31 0.237| 0.08 0.074
Christofides_9 5 0.7| 0.41 0.005| 0.12 0.714] 0.33 0.545 0.14 0.078
Christofides_10_5 0.70.41 0.007| 0.09 1.119 0.36 0.836| 0.15 0.110
Christofides_11_5 0.70.36 0.005| 0.26 0.450 0.34 0.341] 0.03 0.139
Christofides_12_5 0.70.42 0.004| 0.17 0.281 0.34 0.233| 0.07 0.058
Average 0.41 0.004| 0.19 0.460 0.30 0.353| 0.10 0.075

Table 3.6 Analysis of destroy operatosH denotes the application frequency of the re-
spective operator).

Greedy heuristi¢  Regret g=2 Regret g=3 Regret g=4 Regret g=m
Instances AF CPU(ms)| AF CPU(ms)| AF CPU(ms)| AF CPU(ms)| AF CPU(ms)
Christofides_1_5_0.7| 0.21 0.056| 0.22 0.089| 0.19 0.084] 0.19 0.091] 0.20 0.095
Christofides_2_5_0.7| 0.10 0.176| 0.36 0.366| 0.28 0.357 0.20 0.357| 0.06 0.364
Christofides_3_5_0.7| 0.13 0.370] 0.27 0.578| 0.23 0.569| 0.23 0.574] 0.14 0.609
Christofides_4_5_0.7| 0.12 1.503| 0.30 2.358/ 0.23 2402/ 0.24 2439 0.11 2.514
Christofides_5_5_0.7| 0.04 2.495 041 3.437/ 0.31 3.538/ 0.20 3.626| 0.04 3.889
Christofides_6_5_0.7| 0.19 0.071] 0.23 0.111f 0.20 0.116/ 0.19 0.114{ 0.19 0.118
Christofides_7_5_0.7| 0.15 0.297 0.31 0.526| 0.24 0.526| 0.22 0.544] 0.09 0.582
Christofides_8 5_0.7| 0.16 0.536| 0.26 0.827] 0.22 0.836| 0.20 0.834{ 0.16 0.827
Christofides_9_5_0.7| 0.07 1.743 0.39 2.662 0.29 2.938/ 0.20 2.909) 0.05 2.946
Christofides_10_5_0.[0.10 2.655| 0.48 4.263 0.20 4.526| 0.17 4.554| 0.05 4.886
Christofides_11_5_0.[0.05 0.550( 0.32 0.808| 0.30 0.824] 0.23 0.855| 0.10 0.854
Christofides_12_5 0.f0.12 0.381] 0.24 0.627| 0.23 0.612] 0.26 0.623| 0.15 0.650
Average 0.12 0.903( 0.32 1.388] 0.25 1.444) 0.21 1.460) 0.11 1.528

Table 3.7 Analysis of repair operatowsK, denotes the application frequency of the respec-
tive operator).

consistency. More precisely, we perform a post processgman the final solution found
by the TALNS (TALNS+PP). In this step, a small subset of thetomers may be assigned
to a second driver to avoid extremely expensive insertiagitipms. We sort all customers
in decreasing order of the saving that could be obtained fpéearily removing each of
them on the day he causes the highest insertion cost. Thencert are then reassigned,
one after another, to their cheapest position in a diffedemer’s route. The insertion is per-
formed by the greedy heuristic described in Section 3.3I% {rocedure stops when 5%
of the customers are served by two drivers or if the solutemmot be improved by further
reassignments.

In Table 3.8, we report the total travel times plus the aggied)service timeg, T, and
the computation timesZPU, for the mentioned TALNS configurations on the 12 bench-
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TALNS wo. 2-opt TALNS TALNS+ER TALNS+HR TALNS+PP
Instances TT CPU(s) TT CPU(s) TT CPU(s) TT CPU(s) TT CPU(s)
Christofides_1_5_0.7| 2136.20 4.93 2194.93 5.45 2130.99 40.50 2128.76 5.50 2186.05 5.45
Christofides_2_5_0.7| 3605.04 14.65 3605.03 14.69 3589.88 30.04 3584.70 15.12 3580.13  14.69
Christofides_3_5_0.7| 3361.24  24.26 3338.03 255§ 3324.94 81.86 3330.32 26.23 333253 25.58
Christofides_4_5_0.7| 4617.69  80.97 4598.78  84.31 4600.26 132.90 457578  86.86 4584.61  84.31
Christofides_5_5_0.7| 5695.15 125.54 5685.55 122.24 5706.27 161.86 5739.10 132.15 5662.88 122.24
Christofides_6_5_0.7| 4064.34 5.79 4051.50 6.63 4051.48  20.57 4051.48 6.65 4050.86 6.63
Christofides_7_5_0.7| 6828.52  18.6] 6805.99  18.33 6779.03  26.53 6779.03 19.74 6756.08  18.33
Christofides_8_5_0.7| 7234.34  30.284 719245  32.24 7199.34  49.38 7207.18 32.63 7173.27 32.24
Christofides_9_5_0.7| 10524.83  94.83 10450.04  97.39 10488.87 110.40 10488.87  97.97 10411.60  97.39
Christofides_10_5_0.y13273.72  148.74 13238.57 146.3213193.79 207.7913185.10 144.0%13200.49 146.32
Christofides_11_5_0.7 4531.70  34.65 4506.59  35.96 4481.99 130.18 448191  37.66 4499.16  35.96
Christofides_12_5_0.7 3545.98  23.6§ 3530.16 25.6Q0 3543.34 63.50 3532.73 25.87 3519.06 25.60
Average 5784.90 50.51 5766.47 51.23 5757.52 8796 5757.08 52.53 5746.39 51.23

Table 3.8 Comparison of TALNS variants.

mark instances from data s&t The table shows the benefit of the truncated 2-opt operator
that comes with a small increase in the average computatien As expected, the variants
that integrate a method to repair infeasible solutionsgoerfbetter than the pure TALNS.
Nevertheless, there is little difference between the @esrasults of the TALNS and the
TALNS+ER. This is because the loose bounds on the maximuwahbtime difference in
the instances allow good results even without adjustingltgarture times. Noticeable is
the comparison between TALNS+ER and TALNS+HR since for sors&nces the heuris-
tic repair achieves better results than the exact repancapp. There are several reasons for
this observation. First, the repair approaches play onlyr@nmole due to the loose bounds
on the maximum arrival time difference. Second, the randation of the TALNS causes
the repair methods to face different solutions with différepportunities to adjust the de-
parture times. Furthermore, the repair methods generaiBats with different maximum
arrival time differencedmax Sincelmax is considered in the acceptance criterion (equation
(3.26)), it also effects the scorgy, that can be earned by the destroy and repair operators.

The post processing phase (TALNS+PP) improves the TALNStisols by 0.34% on
average. This small improvement indicates that the TALN@ds/extremely inconvenient
insertion positions despite the strict driver consistemreguirement.

To test the performance of the developed algorithm, we coeipto the template-based
record-to-record travel algorithm for the ConVRP (ConRTRjoér et al. [75]) and to the
tabu search algorithm (TTS) (Tarantilis et al. [170]) ttsagiso template-based. The results
of the ConRTR and the TTS are taken from the respective papers

The performance of the three algorithms for the benchmastances is listed in Ta-
ble 3.9. The first column gives the names of the test instarloethe following columns,
TT and the obtained maximum arrival time differentgay, are listed for each algorithm.
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The TTS is stochastic and the reported results are the bdéiseatuns [ Tnin). The Con-
RTR algorithm is deterministic. For the TALNS, we report #hwerage results over ten runs
(T Tavg) and the best of five randomly chosen rundyn). The computation time of the best
of five runs is given in seconds for TTEPUn i) and the average computation time is given
for the TALNS CPU,,g). The computation times of the ConRTR are not available. |dse
two columns show the improvement (Imp) of the TALNS over tlemRTR (with respect to

T Tavg) and over the TTS (with respect T0Imin). In the last row, the average results over all
instances are given.

The results reported for the ConRTR approach were obtaiitedwt bounding the max-
imum arrival time differences. Thievalues for the TTS and the TALNS are set to thex
values produced by the ConRTR method. The authors of the TRmiRinted out that their
goal is to develop a simple algorithm that relies on the tetgptoncept. The structure of the
TALNS is more complex; yet, it generates solutions that areverage B84% better than
those of the ConRTR. Furthermore, all results obtained byGbnRTR are improved. The
difference between the results is smaller when compari@@&LNS to the TTS approach;
the TALNS performs on average8P% better than the TTS. Additionally, the TTS requires
an average computation time of 408 seconds while the TALNfires only 51 seconds
on a similar processor. The master and daily scheduler steufor the courier delivery
problem (Sungur et al. [167]) has also been applied to thev@fhbenchmark instances.
The authors do not bound the maximum arrival time differesoeonly instances in which
TALNS obtains smaller or equéhax values are compared. This is the case in 9 out of 12
instances. Here, TALNS improves the total travel time b6 dn average and it decreases
Imax by 28.7%.

These comparisons indicate that the TALNS is a competitheti®n method for the
ConVRP.

3.5.4 Results for new instances (data s&)

In this section, we examine the effect of decreasing maxirawrival time differences on the
results obtained by the pure TALNS and the TALNS with thegnég¢ed repair mechanisms.
Experiments are performed on the new instances, i.e., deBa s

Tables 3.10, 3.11, and 3.12 contain the average resultedfAbNS variants over all
modified benchmark instances with service frequencies 5%, and 90%, respectively.
The first column gives the vectors (Section 3.5.1) that are applied on the correspgndi
instances. In the following columns, the average resulisesied by the TALNS with the
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ConRTR TTS TALNS
Imp (%)  Imp (%)
Instances TT Imax TTmin Imax CPUnmin T Tavg T Tmin Imax CPUag ConRTR TTS
Christofides_1 5 0.7| 2282.14 24.38 2210.56 21.99 80.00 2194.93 2124.21 23.72 5.45 3.82 3.91
Christofides_2_5 0.7| 3872.86 34.26 3622.71 27.75 93.00 3605.03 3600.41 31.86 14.69 6.92 0.62
Christofides_3_5 0.7| 3628.22 22.87 3451.10 21.92 369.0p 3338.03 3326.12 22.21 25.58 8.00 3.62
Christofides_4_5 0.7| 4952.91 27.53 4572.00 25.15 388.0p 4598.78 4556.33 24.19 84.31 7.15 0.34
Christofides_5 5 0.7| 6416.77 26.93 5732.62 19.99 550.0p 5685.55 5664.06 22.69 122.24 11.40 1.20

D

0

D

Christofides_6_5_0.7| 4084.24 63.47 4096.87 55.38 70.00 4051.50 4051.48 63.26 6.63 0.80 -11
Christofides_7_5_0.7| 7126.07 83.96 6752.36 63.28 161.0p 6805.99 6770.49 76.62 18.33 4.49 -0.27

Christofides_8_5_0.7| 7456.19 73.04 7279.39 62.01 539.00 7192.45 7129.79 65.97 32.24 3.54 2.06
Christofides_9_5_0.7| 11033.54 106.43 10585.10 84.76 947.0p10450.04 10381.9 88.85 97.39 5.29 1.92
Christofides_10_5_0.f13916.80  60.17 13120.40 57.17 1052.0013238.57 13102.7 57.95 146.32 4.87 0.13
Christofides_11_5_0.f 4753.89 16.10 4721.09 15.68 480.0p 4506.59 4485.37 15.33  35.96 5.20 4.99
Christofides_12_5_0.f 3861.35 17.58 3607.88 16.91 172.0p 3530.16 3497.93 16.50 25.60 8.58 3.05
Average 6115.42 46.39 5812.67 39.33 408.42 5766.47 5724.23 42.43 51.23 5.84 1.89

Table 3.9 Comparison to existing approaches on datA.set

exact repair mechanism (TALNS+ER), with the heuristic repgechanism (TALNS+HR),
and without any repair mechanism are presented with thegponding computation times,
CPU. The gaps to the results obtained by the TALNS+ER are givethi® TALNS+HR
and the pure TALNS. In the last but one row, we show the averegdts over all vectors.
The last row gives the gaps between the results obtaineccamitsiraintd.; andLg 4 for the
three solution approaches. A comparison between the eliffesolution approaches reveals
large differences in the results and highlights intergssaving potentials for companies
that are facing similar problems.

The pure TALNS provides good solutions for wideonstraints. However, with tighter
constraints it is more difficult to obtain solutions with stimavel times. In the worst case, a
60% decrease ih leads to a 186.16% increase in the total travel time (seeeTalll). The
substantial increase in the objective values, as well dsigdmputation times, is due to the
large number of vehicles needed to cope with the tight driitvee difference constraints.

With flexible departure times, we can optimize the total étavme almost indepen-
dently from the maximum allowed arrival time difference. tlVsmall differences, this is
true for the exact and the heuristic adjustment of the depatimes. The total travel time
increases on average between 0.63% and 1.62% with the TAER®rethod and between
1.55% and 5.46% with the TALNS+HR method, while thealues decrease by 60%. As
explained above, the results obtained by the TALNS+HR neethight be better than those
of TALNS+ER due to the randomization of the TALNS and the efief the maximum ar-
rival time difference on the scores that can be earned byeipeirand destroy operators.

The conflict between the total travel time and the maximunvalrtime difference de-
creases with larger service frequency. Test instances higfin service frequency have a
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Gap (%) to Gap (%) to

TALNS+ER CPU(s) | TALNS+HR CPU(s) TALNS+ER| TALNS CPU(s) TALNS+ER
Ly 4192.47 34.01 4192.47 34.01 0.00 4192.47 34.01 0.00
Los 4204.81 115.21 4207.88 35.73 0.07 4215.56 35.15 0.26
Los 4222.67 132.13 4218.23 34.97 -0.11 5176.83  47.52 22.60
Lo4 4260.50 134.23 4421.42 39.80 3.7810085.78 92.92 136.73
Average 4220.11 103.90 4260.00 36.13 0.94 5917.66 52.40 39.89
Gap (%)L —Lo4 | 1.62 | 5.46 | 14057

Table 3.10 Comparison of TALNS variants on dataBgf.

Gap (%) to Gap (%) to

TALNS+ER CPU(s) | TALNS+HR CPU(s) TALNS+ER| TALNS CPU(s) TALNS+ER
[ 5752.85 52.01 5752.85 52.01 0.00 5752.85 52.01 0.00
Los 5760.89 121.58 5756.37 53.28 -0.08 5770.88 50.70 0.17
Los 5773.59  149.36 5763.57 52.70 -0.17 6266.31 61.51 8.53
Loa 5811.67 147.40 5894.96 52.35 1.48316462.33 133.28 183.26
Average 5774.75 117.59 5791.94  52.59 0.30 8563.09 74.38 47.99
Gap (%)L1—Loa 1.02 2.47 186.16

Table 3.11 Comparison of TALNS variants on dataBgt.

larger number of frequent customers. Therefore, the qooreding template contains more
customers and is not altered much during the resolutiongh kervice frequency results in
templates that give an accurate reflection of the daily sdlesdaind produce better results.
To obtain good solutions for instances with low service fiexgies, interdependencies
during the insertion of non-frequent customers must beidensd. One can think of in-
terdependencies when the insertion of a customer causedaiom of the arrival time
consistency, but the next insertion on another day makesalliion feasible. The TALNS
considers this issue indirectly by randomizing the insarthrough the noise term and by
applying the truncated 2-opt operator (Section 3.3.4). tAba search algorithm by Taran-
tilis et al. [170] integrates a post optimization phase thaves non-frequent customers to
different insertion positions. Unfortunately, it is notgsible to compare the two approaches
on the basis of the existing benchmark instances: the sefrequency of 70% results in
instances with only 3% non-frequent customers on averag®ldi instances with a larger
number of non-frequent customers would be more approdgoatemeaningful comparison.

3.5.5 Results for large instances (data s@4rge)

The TALNS performs well on problems with a short planningibon. However, our ap-
proach is inappropriate in a long-term environment with tilating demand, e.g., when
we have to generate routing plans for consecutive weeksvirgokach week separately
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Gap (%) to Gap (%) to

TALNS+ER CPU(s) | TALNS+HR CPU(s) TALNS+ER| TALNS CPU(s) TALNS+ER
Ly 6729.94 55.75 6729.94 55.75 0.00 6729.94 55.75 0.00
Los 6730.55 120.92 6735.30 60.00 0.0 6757.17 54.70 0.40
Los 6734.61 170.40 6743.22 56.42 0.13 7047.31 62.80 4.64
Lo4 6772.21 180.96 6833.95 58.19 0.9115113.41 149.77 123.17
Average 6741.83 132.01 6760.60 57.59 0.28 8911.96 80.76 32.05
Gap (%)L —Lo4 | 0.63 | 155 | 12457

Table 3.12 Comparison of TALNS variants on dataBgi.

separate template for each period

1 2 3 4 5 6 7
planning periods

Figure 3.7 Solving each period separately results in insterst long-term solutions.

would disregard both, long-term time and driver consisgefggure 3.7 shows an example
in which customers are serviced over several planning geridhe demand is fluctuating
and new customers place orders over time. So, the solutimmitdm is rerun each period
(1-7). The changing input data leads to different templates therefore, to inconsistent
solutions.

We follow Groér et al. [75] to cope with this issue: First, westgn a template that is
based on historical data; Then, we apply the same templaterize the solutions for sev-
eral future periods. This approach is illustrated in FigBu@ A template is generated by
using data from periods 1 to 4. The template is then used tergensolutions in periods 5,
6,and 7.

By using the same template for several periods it is guaedntieat all customers that
are assigned to the template receive consistent servicgeVdo, the service consistency of
new customers that are not assigned to any template rowgaasad. The same is true for
customers that have to be removed from the template routesiar to make them feasible,
l.e., customers that cannot be visited without violating tdapacity and tour length con-
straints. Frequent customers that are not considered itethplate are inserted into their
best insertion positions only with regard to the total ttdivee.

In this section, we investigate the behavior of the algamithhen no reasonable bound
on the maximum arrival time difference can be predicted wvaade. Typically, this is the
case in long-term planning environments with fluctuatingndad. We perform experiments
on the large instances (i.e., data Bgige) Without boundingmax and examine the consis-
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Figure 3.8 Consistency over the long term by using a histernplate.

tency of the resulting solutions. Additionally, we comp#re solutions obtained by using
the historic template with those obtained by using a teregdased on current data.

Tables 3.13 and 3.14 show the average results of five runs dekiive of the large
instances. Like Groér et al. [75], we rely on the template&cpdence principle to obtain
time consistent routing plans when the maximum arrival tthfierence is not bounded ex-
plicitly.

The results in Table 3.13 are obtained without using the t2eperator and those in
Table 3.14 with using it. The first columns of both tables oadé the instance names and
the corresponding maximum shift lengfh;, T can be interpreted as a trivial upper bound
for the maximum arrival time difference. In columns 2 and &, giwe the total travel time
plus service timesT T, and the number of vehicles, NV. Columns 4-7 show the average
arrival time difference|ayq the maximum arrival time differencénay the ratio between
Imax and T, and the computation time in minuté&SPU, when vehicle departure times are
fixed to zero (TALNS). Columns 8-11 show the same items but flgiible departure times
(TALNS+ER). We have no bound on the maximum arrival timeat#hce; so, we apply the
exact repair approach described in Section 3.4.1 only téirtaésolution. Accordingly, the
adjustment of departure times has a minor effect on the ¢otaputation time.

The results highlight the trade-off between total traveldiand the maximum arrival
time difference. Applying the truncated 2-opt operatorrdases the total travel time at the
expense of larger arrival time differencesT decreases by 0.75% on average while the
average ratio betwedmax and T increases from 19% to 23%. A preference to use either
of the two approaches depends on the preference of the @eomskers; so, no evaluation
can be made here. Shifting the departure times of the vehadheost halves the maximum
arrival time difference and should be considered whenewssiple.

To investigate the ability of the TALNS to produce templdi@sfuture planning peri-
ods, we solve the ConVRP for week 1 - 4 (planning horifoh= 20 days) and apply the
obtained template to solve week five. Our aim is to provideyiterm consistency for a
large number of frequent customers. Therefore, each cestasth an average of at least
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two visits per week is assigned to one template route. On daglof week five, we re-
solve the template by removing customers that do not regem&ce. If the capacity or tour
length constraints are exceeded despite the removals, meveefurther customers from
the routes; customers are removed in ascending order atsdrequency until all routes
become feasible. Finally, we insert new customers and o&®that are not assigned to
any template route but require service by using the greedgidie (Section 3.3.2); service
consistency is ignore in this phase.

Columns 2 and 3 of Table 3.15 show the number of customerseinetimplate that is
generated from data of week 1-4 and the computation time nutes,CPU. The remain-
ing columns show the number of frequent custoniily in week five and the number of
frequent customers that are not represented in the template

Tables 3.16 and 3.17 give the results of week five produced the historic template.
The results in Table 3.16 are obtained by resolving the tatef@s described above. The
results in Table 3.17 are obtained by additionally perfoigra post-optimization with the
truncated 2-opt operator. The structure of the tables idaino Tables 3.13 and 3.14. The
only exceptions are that the computation times refer toithe tor resolving the template in
seconds and that the number of customers that have beenednmoerder to make routes
feasible is indicated.

When comparing the solutions from Tables 3.16 and 3.17 teetho Tables 3.13 and
3.14 one must pay attention to two antagonistic factors. l@mone hand, the solutions in
Tables 3.16 and 3.17 are derived from a template based esaiuen historical data. This
is suboptimal in terms of total travel time even though itldaa long-term consistency. On
the other hand, there is a higher degree of freedom becauwss@ar0 customers (on aver-
age) are inserted by ignoring service consistency. Thesemers are placed into their best
positions with regard to travel time. Therefore, a low tdtavel time is associated with low
consistency at least for some customers.

If a decision maker is willing to make this compromise, TALMSeligible. It pro-
vides historic templates that can be applied to future pranperiods with approximately
1.3% increase in the total travel times compared to solatmonduced from specially built
templates. With respect to time consistency both templdiissoric and current, lead to
comparable average arrival time differences. The repathar@sm that adjusts the depar-
ture times almost halves the maximum arrival time diffeemcHowever, in some cases,
minimizinglmax increases the average maximum arrival time difference €sge instances
R2 and RC2 in Table 3.17). Furthermore, driver consisteaggnored for approximately
7% of the customers.
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TALNS TALNS+ER

InstancesT) TT NV lavg Imax Imay’T CPU(min) lavg Imax Imax/ T CPU(min)

R1_10_1 5(1925) | 325789.00 66.80 42.89 432.74 0.22 25.2P 42.68 205.18 0.11 25.22
R2_10_1 5(7697) | 95627.32 10.40 68.54 331.22 0.04 36.26 55.76 168.97 0.02 36.26
C1_10_1 5(1824) | 551133.60 90.20 128.44 674.08 0.37 28.82117.82 327.01 0.18 28.82
C2_10_1 5(3914) | 319889.60 18.20232.81 1166.82 0.30 36.46205.17 639.34 0.16 36.46
RC1_10 1 5(1821)322549.40 66.20 43.01 343.06 0.19 27.72 41.78 163.98 0.09 27.72
RC2_10 1 5(7284) 94075.44 10.40 58.70 306.72 0.04 31.8[7 52.64 157.62 0.02 31.87
Average 284844.06 43.70 95.73 542.44 0.19 31.06 85.97 277.02 0.10 31.06

Table 3.13 Results for week five of the large instances witBeapt.

TALNS TALNS+ER

InstancesT) TT NV lavg Imax Imay’T CPU(mIn) lavg Imax Imax/T CPU(min)

R1_10_1 5(1925) | 323128.60 68.20 49.93 473.47 0.25 30.08 51.18 281.09 0.15 30.08
R2_10_1 5(7697)| 95599.68 10.20 65.70 320.73 0.04 32.6R 57.18 170.76 0.02 32.62
C1_10_1_5(1824) | 544885.20 88.60 138.49 810.66 0.44 34.67149.39 521.22 0.29 34.68
C2_10_1_5(3914) | 319547.80 18.00 240.59 1290.64 0.33 36.09217.57 673.77 0.17 36.09
RC1_10_1 5(1821)319051.80 65.00 49.04 509.51 0.28 28.08 50.16 294.19 0.16 28.08
RC2_10_1 5(7284) 94053.22 10.20 53.46 259.77 0.04 31.67 47.00 133.65 0.02 31.67
Average 282711.05 43.37 99.54 610.80 0.23 32.2D 95.41 345.78 0.13 32.20

Table 3.14 Results for week five of the large instances witip2-

3.6 Summary

In this chapter, we first presented a solution approachaédieplate-based adaptive large
neighborhood search (TALNS) for the ConVRP. It embeds thecyple of deriving a multi-
day routing plan from a set of template routes into the adapérge neighborhood search
framework. Comparisons with other algorithms indicatedbenpetitiveness of the TALNS
in terms of solution quality and computation time. The aidon provides slightly better
results than the best competitor while being about eighegifaster.

We constructed new test instances by varying the serviceiémrcies of customers and
by setting different bounds on the maximum arrival timeeatéince. The requirements on

template (week 1-4) week 5

Instances | # customers CPU(min) [Nf| |Nf|notintemplate
R1 10 1 864 7385 821 52
R2_10_1 876 142.71 810 58

C1.10 1 850 160.96 820 72

C2_10 1 875 123.92 806 65

RC1 10 1 860 69.39 819 75
RC2_10 1 856 182.35 816 74
Average 863.50 125.53 815.33 66.00

Table 3.15 Properties of historic templates and week five@fdrge instances.
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TALNS TALNS+ER
InstancesT) TT NV  removed lavg Imax Imaxy/T CPU(s) lavg Imax Imax/T CPU(s)
R1_10 1 5 | 344930.80 75.80 7.20 39.93 368.61 0.19 0.0D0 38.63 179.71 0.09 0.05
R2_10_1 5| 99239.68 11.00 1.00 75.74 1684.64 0.22 0.10226.76 924.34 0.12 0.15
C1_10_1_5 | 552262.20 105.00 4.20102.83 707.77 0.39 0.00 94.85 297.05 0.16 0.05
C2_10_1_5 | 294020.40 19.60 1.20223.38 1335.50 0.34 0.01196.34 639.31 0.16 0.05
RC1_10_1 5 343862.00 75.40 5.80 34.16 369.22 0.20 0.00 31.77 153.73 0.08 0.06
RC2_10_1 5 91613.80 10.40 1.80 62.03 700.25 0.10 0.06 90.39 389.83 0.05 0.11
Average 287654.81 49.53 3.58 89.68 861.00 0.24 0.0B113.12 430.66 0.11 0.08

g

Table 3.16 Results for week five of the large instances predidicom historic template
without 2-opt.

TALNS TALNS+ER
InstancesT) TT NV removed lavg Imax Imax/T CPU(s) lavg Imax Imax/T CPU(s)
R1 10 1 5 | 342652.00 75.80 7.20 4491 406.60 0.21 0.0 44.23 235.33 0.12 0.08
R2_10 1 5 98945.14 11.00 1.00 76.31 1685.97 0.22 0.11243.57 928.88 0.12 0.17
C1.10 1 5 | 551463.80 105.00 4.2p114.15 798.11 0.44 0.01116.49 433.91 0.24 0.06
C2 10 1 5 |293263.80 19.60 1.2p227.95 1337.25 0.34 0.01199.78 656.41 0.17 0.05
RC1 10 1 5 342081.60 75.40 5.8D 38.09 445.65 0.24 0.01 37.88 261.42 0.14 0.06
RC2_10_1 5 91297.00 10.40 1.80 61.72 694.00 0.10 0.07 89.69 388.64 0.05 0.12
Average 286617.22 49.53 3.58 93.86 894.59 0.26 0.04121.94 484.10 0.14 0.09

Table 3.17 Results for week five of the large instances prediérom historic template with
2-opt.

arrival time consistency are very loose in the benchmaitairees by Groér et al. [75]; also,
the service frequencies are high, i.e., there are very festoowers that require only one
visit in the planning period (on average 3%). The new ingarenabled us to examine
interesting effects on the trade-off between service stascy and travel cost.

The numerical experiments showed that the TALNS generatgsgood solutions when
arrival time consistency is loose. However, with tight nmaxm arrival time difference
constraints the cost increases rapidly. We modified therai@€onVRP model and allowed
delayed departure times from the depot. This relaxatiomgatis the conflict between total
travel time and time consistency, i.e., arrival time cotesisy can be improved significantly
with minor increase in routing cost when departure timedlarible.



Chapter 4

The generalized consistent vehicle
routing problem

4.1 Introduction

In the previous chapter, we dealt with the consistent vehiolting problem (ConVRP,
Groér et al. [75]) in which customer satisfaction is maingal by providing driver and time
consistent service. Driver consistency is expressed byuingber of different drivers that
visit a customer. Only one driver per customer is allowedhenx@onVRP. Time consistency
is achieved by bounding the maximum difference betweendhleest and the latest arrival
time at each customer. Vehicle idling to reduce the arrivaktdifference is not allowed.
The objective is to find a minimum cost routing plan that caeglith the classical routing
constraints and the consistency requirements.

Since some assumptions in the ConVRP may be too restrictpeactice, we introduce
the generalized consistent vehicle routing problem (Ge&P). It extends and relaxes
the ConVRP as follows:

» Each customer may be served by a limited number of drivesiead of only one.
This assumption is more realistic, since specific driveesnat always available (e.g.,
due to vacations or illnesses). In many cases, it is impltestlassign only one driver
per customer over a long period of time. Typically, at leasi trivers are regularly
visiting a certain customer. Coelho et al. [32] propose digladriver consistency
feature where the number of different drivers per customaerinimized. They show
that greater flexibility in the driver-to-customer assigemnleads to slightly cheaper
routing plans.
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» The maximum arrival time difference, i.e., time consisigns not enforced by con-
straints but is penalized in the objective function. Thaltoumber of drivers in the
ConVRP is not restrictive, so it is always possible to getgeaasolution with a maxi-
mum arrival time difference of zero (e.g., if each driveiita®nly one customer). We
include the maximum arrival time difference in the objeetiunction because it is
difficult to predict bounds that are sufficiently tight to gaatee high service quality
without leading to a disproportional increase in traveltcos

» Customers are associated with AM/PM time windows. Thisst@mnt reflects the

requirement of companies which hire part-time workers todt@ package deliveries
(Wong [185]).

* Vehicle departure time is flexible. This extension is neeegbecause of the AM/PM
time windows in combination with constraints that prohilditing times. Addition-
ally, time consistency can be improved by adjusting the cletdeparture times (see
Chapter 3 and Kovacs et al. [107]).

Motivated by Ropke and Pisinger [145], Schrimpf et al. [15&)d Shaw [156], we
propose a large neighborhood search algorithm (LNS) foeConVRP. LNS is a local
search technique that performs powerful moves in the sespate by iteratively removing
large parts of a solution and assembling a new and, hopgeldtyer solution.

In this chapter, we first introduce the GenConVRP, which renfally defined in Sec-
tion 4.2. Second, we devise an LNS metaheuristic tailoréide@enConVRP (Section 4.3).
Itintegrates a new greedy algorithm to minimize the maxinaunval time differences at the
customers by adjusting the vehicle starting times. The LESopms robustly for various
versions and settings of the original ConVRP and domindtgsevious (template-based)
approaches, thus providing a new state of the art for thiblpno class. For the GenCon-
VRP, we show that the gap with respect to the optimal solst{on small instances that can
be solved by CPLEX) is small. Finally, we examine the traffdsetween travel cost and
customer satisfaction on the basis of a variety of new arstiegibenchmark instances; the
impact of a changing emphasis on time and driver consistencyariable and fixed costs
(i.e., routing cost and fleet size) of service providers eyred in Section 4.4.

4.2 Problem definition

The GenConVRP is defined on a complete directed gfaph (N U {0},A), whereN =
{1,...,n} is the set of customers and 0 is the depdt;= NU {0}. SetN2™ C N contains
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customers that can only be visited in the morning and$8tC N contains customers that
require a visit in the afternooMNEMNNP™ = {} NaMUNPM = N). A= {(i,j) : i,j € NO,i #

j} is the set of arcs. (Arcs from customerdNP™ to customers N2™ can be omitted from
the graph.) Customers are visited by a homogeneous fleethofles in the seK. The
number of vehicles is not restrictive (i.eK| = |[N|). Each vehicl&k € K has a capacity
of Q. Drivers and vehicles share a one-to-one relationship. ¥¢eduivers and vehicles
interchangeably, depending on the context. Vehicles atattend their routes at the depot.
The departure time is arbitrary, but vehicles must returtheodepot before tim&. The
planning horizon involve$D| days whereD is the set of days. On each ddy= D, each
customel € N has demand;q and service timgg. We use auxiliary parametengy equal
to one if customer requires service on day(gig > 0) and equal to zero, otherwise. Each
arc (i, j) € Ais associated with travel timtg. The travel time matrix satisfies the triangle
inequality. Driver consistency is enforced by assigningheaustomer € N to at mostwW
(W > 1) different drivers over the planning period. Parametes the weight of the total
travel time and 1 — a) gives the weight of the maximum arrival time differen¢gaf) in
the objective function. The model uses the following binaayiables:

1 ifarc (i, j) is traversed by vehiclke on dayd,
Xijkd =
] 0, otherwise;

1,if customer is assigned to vehicleon dayd,
Yikd =
0, otherwise;

1,if customer is assigned to vehiclie
Zk =
0, otherwise.

Continuous variableay denote the arrival time at customet N on dayd.

Minimize adz S S S tiXikd + (21— a)lmax (4.1)
€DKeKieN0 jeNO
subject to:
yOkd:]. Vke K,dE D, (4.2)
Z Yikd = Wid Vie N,d € D, (4.3)

keK
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Zn OidYikd < Q VkeK,deD, (4.4)
IS
Z Xijkd = Z Xjikd = Yjkd VARS No,kE K,d e D, (4.5)
ieNo ieNo
Ad + Xijkd (Sid +tij) — (1 —Xijka) T < @jd Vi, jeN,keK,deD, (4.6)
aid + Xijkd (Sid +tij) + (1 —Xijkd) T > Qjd Vi,jeN,keK,deD, 4.7)
Zik > Yikd VieNkeK,deD, (4.8)
Y 7 <W VieN, (4.9)
kekK
(Gia — ag)WiaWig < Imax VieN,a,B €D, (4.10)
aig+Sd+tio<T VieN,deD, (4.11)
aig < ; VieNa™ deD, (4.12)
ad Z; Vie NP deD, (4.13)
ad > to; VieN,deD, (4.14)
Xijka € {0,1} Vi,jeN% keK,deD, (4.15)
Yid € {0,1} VieN® keK,deD, (4.16)
zx € {0,1} VieNkeK. (4.17)

The objective function (4.1) minimizes the weighted averafthe total travel time and
the maximum arrival time difference. Inequalities (4.25ere that each route starts from
the depot. Constraints (4.3) guarantee that each custenserviced on each day he re-
quires service. Inequalities (4.4) limit the vehicle capat Q. Equalities (4.5) are flow
conservation constraints. Inequalities (4.6) and (4.7jrsearrival times at the customers.
Vehicle idling to improve time consistency is not allowed/(4 Inequalities (4.6) also pre-
vent sub-tours. Driver consistency is ensured in (4.8) dm@)( Constraints (4.8) set thze
variables and constraints (4.9) make sure that the numhdnivafrs per customer does not
exceed the allowed limit. Constraints (4.10) set the maxmaurival time difference. In-
equalities (4.11) enforce that vehicles return to the dapiine. Time window feasibility is
ensured in (4.12) and (4.13). Constraints (4.14) set tHeesgpossible arrival time at each
customer. Finally, constraints (4.15)-(4.17) define thedims of the decision variables.
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4.3 Solution framework

A major difficulty in solving the ConVRP and its variants ietimterrelation between the
days in the planning horizon. State-of-the-art metaheasi§éGroér et al. [75], Kovacs et al.
[107], Tarantilis et al. [170], and Chapter 3) rely on the pdaibe concept to generate good
solutions. A template is a set of routes from which the dalyting plans are derived. On
each day, the template is resolved by deleting custometrspipeear in the template but do
not require service and by inserting customers that areapresented in the template but
require service. Solutions derived from a template comphp wriver consistency since
the driver-to-customer assignment is not changed duriagekolution. Additionally, the
customer sequence in the template routes is transferrdgb tddily routes which supports
time consistency.

Our solution approach for the GenConVRP does not make ussrgflate routes. The
template concept restricts the search space and, thergtme solutions are found quickly.
Yet, better solutions might be missed. We propose a largghberhood search (LNS)
(Shaw [156]) that is more flexible than template-based aggves because it operates on
the entire routing plan. The pseudocode of the LNS is presantAlgorithm 2.

Given an initial solution, LNS iteratively destroys the @nt incumbent solution by
removing a large number of customers. It then generates asakion by using a repair
operator to reinsert the removed customers into the rolites 4). Several destroy and
repair operators with different algorithmic structures awvailable. In each iteration, one
destroy operator and one repair operator are selectedmdanpdine 3).

The vehicle departure times are adjusted in order to eliminaiting times and to re-
duce the maximum arrival time difference (line 5). Time astecy of feasible solutions
is improved by iteratively reversing parts of the route tbatains the customer with the
maximum arrival time difference (line 7). New solutions aceepted as current incumbents
according to a simulated annealing criterion (line 9).

In the following, we describe the modules of the LNS algaontim detail. The LNS is
similar to the template-based adaptive large neighbortseadch presented in Chapter 3.
Nevertheless, the modules have to be adapted in order totstdfor the template concept.

4.3.1 Destroy operators

We use several destroy operators to remove customers freradllation. Each of them
adopts a different approach to improve the current solutidnstomers are selected with
regard to all days in the planning horizon and are removea several days. Following
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Algorithm 2 LNS

Require: initial solutions > Section 4.3.8
1; Pest—g
2: repeat
3 select one destroy operatand one repair operatorandomly
4: s = generateNewSolutiog(d, r)
5: adjustDeparture Times] > Section 4.3.3
6: if isDriverFeasiblef) then
7. improveTimeConsistency] > Section 4.3.5
8: end if
o: if accept§,s) then > Section 4.3.7
10: s=¢
11 end if
12 if f(8) < f(s”®SY then
13: sest— ¢
14: end if

15: until maximum number of iterations is reached
16: return sPest

Pisinger and Ropke [135], the total number of remoualss chosen from the interval
MIN{0.15 gep YienWid, 30}, Min{0.45 4cp SienWid, 60}]. In large instances, the number
of customers to remove is chosen from the interval [30,6@]nBer and Ropke [135] argue
that removing less than 30 or more than 60 customers raradisl®d improving solutions.

We use five different destroy operators: Random removaiedlremoval, and cluster
removal are based on Pisinger and Ropke [135], Ropke amigeigil45], Shaw [156], and
Ropke and Pisinger [144]. They are general operators foriatyaof routing problems.
Two versions of the worst removal operator are designedcesjefor the GenConVRP. In
the following, we describe the destroy operators in moraitlet

Random removal The random removal operator selects customers randomiseamalves
them from each day until removals have been made. The purpose of this operator is to
diversify the search process.

Related removal The idea of the related removal operator is to remove custothat
share similarities (Shaw [156]). This approach facilisatiee interchange of customers and
favors the grouping of similar customers on the same route.d&fine similarity between
two customersand j, Z(i, j), in terms of geographical distance, difference in the deman
difference in the service time, and difference in the viait@rns (Kovacs et al. [107], Ropke
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and Pisinger [145]). Parametetsu, v, andé control the weight of each measurement.
Z(1,]) = Atij + p|o — 0| + VIS — 5j| — & ), (4.18)

whereQj andg are the average demand and the average service time of @rstamong
all days he is visited, respectively;, is a measure of similarity in terms of visit frequency
(see Chapter 3 and Kovacs et al. [107]). It is given by the remobdays on which either
both customersand j are serviced or neither of them are serviced, i.e.,

Y :|D|—d2D}Wid—Wjd}. (4.19)

The related removal operator starts by removing a randohdgen customer from the
solution and inserting him into the set of removed custorBehs each iteration, a customer
is selected randomly fror8 and the similarity values between the chosen customer &nd al
assigned customers are calculated. The customer with gjeesti similarity, i.e., lowest
Z(i,]), is removed from each day and added toSefhe process stops when at least
removals have been made.

Cluster removal The cluster removal operator (Ropke and Pisinger [144]pdiad on
each day, one after another. The number of customers to eomdayd, ug, is chosen from
the intervallmin{0.1 5.\ Wig, 30}, min{0.4 ¥y Wiq,60}]. On a given day, a route with at
least three customers is selected randomly. The customénaroute are grouped into two
geographical clusters by applying Kruskal’s algorithmygkal [109]) to find the minimum
spanning tree among thém We obtain two components that represent two clusters by
deleting the longest edge in the tree. One of them is seleatetbmly and all customers in
that cluster are removed.

The next route to be destroyed is the one that contains thernes with the smallest
distance to arandomly chosen customer from the previoastpved cluster. The process of
finding clusters and removing them continues until at legstustomers have been removed
or until no route with at least three customers is left. Mdrantuy customers may be
removed in order to remove complete clusters.

Worst removal — driver consistency The first worst removal operator uses a simple ap-
proach to reduce the number of different drivers per custoBech customaris associated

1The GenConVRP is defined on a digraph. We convert the digmaiphain undirected graph by setting
tij = tji = min{tj, t;i }.
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Time cluster 1 Time cluster 2
— —N
Day5 41
Day 4 0o
Day 3 'm
4y | largest difference [~
Day 2 0 !
Day1 1

0 1 2 3 4 5 time

Figure 4.1 Time clusters in worst removal operator. The sggieepresent the customer’s
arrival times on the respective days.

with value 2r(i). This value is composed of the number of drivers per cust@nand
customeit’s arrival time differencd;. It is given by

) [;
2r(i)=1z , 4.20
<) Z|+|max+€ ( )

whereeg is a small number- 0.

Customers are sorted in decreasing ordefZofi) (i.e., in a lexicographic order of
first andl; second). Customers are then removed, one after anotherffiesolution until
at leastu removals have been made and all assigned customers complythei driver
consistency requirement (constraints 4.9).

Worst removal — time consistency A second worst removal operator improves time con-
sistency by repeatedly removing customers with large artime differences. The operator
starts by dividing the days on which a customer requiresicemto two clusters. For
each customer, the arrival times are sorted in ligf and the largest difference between
two consecutive arrival times is identified. We obtain cﬂmstLil and Li2, by splittingL; at
the position with the largest difference in the arrival tsnd his approach is illustrated in
Figure 4.1.

In a second step, we sort all customers in decreasing ordireof maximum arrival

time difference,l;. Customers are then removed consecutively from the daysenod

1 . ,
the clusters. Clustdr! is selected with probability ‘It_|||| and clustelL? is selected with

the complementary probability,—l%.

probability that it is selected for removal.

So, the more elements in a cluster, the lower the

The operator stops when at leasemovals have been made.



4.3 Solution framework 81

4.3.2 Repair operators

Repair operators are used to insert unassigned custonerthéwrouting plan. We use six
operators that are either greedy-based or regret-basey. arb motivated by Pisinger and
Ropke [135], Ropke and Pisinger [145], and Ropke and Pisifigel]. The operators are
applied to each day sequentially. Customers are insertgdwath regard to travel time
and driver consistency. Considering time consistency erb#sis of partial solutions is not
easy. (This is why most algorithms use a template-baseaapipr) Our approach is to ig-
nore time consistency until all requests have been assmmetb perform a post-processing
step on the complete solution in order to reduce the maxinmiveatime difference. Sec-
tion 4.3.5 explains how the improvement of time consistaa@ccomplished.

The sequence in which days are repaired is random. This agipdiversifies the search
process because the customer-to-driver assignment onagreffeécts the feasibility of as-
signments on other days. We also randomize the processestiings customers (Pisinger
and Ropke [135], Ropke and Pisinger [145]). Therefore, wangke a customer’s inser-
tion costc to c+y; y is a randomly chosen number in the interjiahc, nc|. Parameten
controls the scale of randomization. A repair operator iglcanized with a probability of
50%.

In all repair operators, customers are scheduled at thdiestapossible position with
regard to the time windows.

Greedy operators The applied greedy operators are based on Pisinger and Rb&e
and Ropke and Pisinger [145]. The idea is to iteratively rinde customer that causes
the least increase in the total travel time. kgtbe the change in the total travel time for
inserting customeirat his cheapest position into rolkecj, is set to infinity if an insertion
violates the time windows, the maximum vehicle capa€dtyor the allowed travel time
T. A new vehicle is added to the solution if there is no feasib$ertion position. In each
iteration, we insert the customer with the lowest insertiost {(*) into his cheapest position.
That is,

i* = argiem(iQK{cik}. (4.21)

We add a large penalty{ = 1000) tocj if an insertion violates driver consistency.
Furthermore, we reducgy by M if i may not be assigned to additional drivers d&nig
already assigned to serven another day. In this way, we favor the insertion of cust@me
that might be assigned to too many drivers in later iteration

Two variants of the greedy operator are used: One as dedcabeve and one in
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which we artificially reduce the maximum vehicle capady The lowerQ, the fewer
customers are visited on a route, and the smaller is theaatiime difference. In the
modified greedy operator, we select the artificial vehiclpacity randomly in the inter-
val [max{maxXcn,dep{did }» %},Q]. A lower interval boundary of% proved to work well
during the implementation of the algorithm. However, thevdo bound for the artificial
capacity must be at least max 4cp{did } to ensure that all customers can be served.

Regret operators Regret operators extend the greedy approach by takingeotmuat the
loss that might arise from postponing an insertion to laenations (Potvin and Rousseau
[137]). For each customer, we consider several insertia@itipas and insert the customer
with the largest difference between his best insertiontprsand alternative positions. Let
¢’ denote the change in the total travel time for insertingamsti at his cheapest position
into hisg-cheapest route. In each iteration, customes inserted into his cheapest position
according to:

min(g,m)
i*:=arg max{ S (cih—cil)}. (4.22)

ieN keK H=

Parameteq defines the number of routes that are considered in the regeeator. Expen-
sive insertions can be identified and avoided earlier witlpdieq values;mis the number of
routes in the current solution.

We use four versions of the regret operator wjth {2, 3,4, m} as suggested in Pisinger
and Ropke [135] and Ropke and Pisinger [145]. Driver coesist is taken into account by
modifying the insertion costs as described above.

4.3.3 Adjustment of vehicle departure times

In the GenConVRP, we may adapt the vehicle departure tinmes the depot. Flexible
departure times are necessary because of the AM/PM timeowséh combination with

the constraints that prohibit waiting times (e.g., it is possible to visit only PM customers
if departure times are fixed at zero.) Additionally, time s@tency can be improved sig-
nificantly by adjusting the vehicle departure times (ChapteKovacs et al. [107]). The
problem of adjusting the departure times of a given solusanodeled as follows.

Minimize |ax (4.23)
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subject to:

&g+ Sd +tij = ajq V(i,]j) € Ag,i,j €N,d €D, (4.24)
aid+Sdt+tio<T VieN,deD, (4.25)
(aiC! —aiB)WiaWi[} S |max vl S Naaaﬁ S D7 (426)

T :
aig < 5 VieN*™deD, (4.27)

T :
aid > 5 VieNP"deD, (4.28)
aig > toi VieN,deD. (4.29)

The objective is to minimize the maximum arrival time di#facelyax (4.23). Con-
straints (4.24) set the arrival times at the customers. ARgtcontains all arcs that are
traversed by vehicl& on dayd. Inequalities (4.25) guarantee that vehicles return to the
depot in time. The maximum arrival time difference is set hgqualities (4.26). AM/PM
time windows are enforced by inequalities (4.27) and (4.Z8)nstraints (4.29) define the
earliest possible arrival time at each customer.

The adjustment of the departure times can be performed byi@egr programming
(LP) solver. Yet, the LP becomes the bottleneck of the allgoriwhen it is integrated into
the LNS. Instead of the LP, we use a fast greedy algorithmdoae the maximum arrival
time difference. The idea is to iteratively shift the depegttime of the vehicle that visits
the customer with the maximum arrival time difference. Tdpproach is motivated by the
algorithm described in Section 3.4.2 (Kovacs et al. [10APwever, our algorithm is more
sophisticated. In Section 3.4.2, the focus is on the custdina¢ violates the maximum al-
lowed arrival time difference the most; the arrival time®otfer customers are disregarded.
Therefore, the algorithm might reduce the arrival timeat#ihce at one customer but in-
creasdmax at another. In our algorithm;,ax never deteriorates from one iteration to the
other; additionally, in our experiments, it has always jded the optimal solution. The
pseudocode of our approach is given in Algorithm 3.

The repair operators insert customers at their earliestilplespositions. We start by
eliminating the waiting times between the last AM customed ¢he first PM customer
on each route (line 1). Ifis the last AM customer on routeon dayd and customej
is the first PM customer on the same route, we delay the departaoe of that route by
ajq — (&g +S +tij).

In each iteration of the algorithm, the customer with theentr maximum arrival time
differencei™®is used to initialize seBC (line 3 and 4) BC contains all customers that have
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Algorithm 3 ad justDepartureTimes
Require: solutions

1: eliminateWaitingTim€s) > waiting times are not allowed
2: repeat
3: iM&X = taskWithMaxAT Ds)
4 BC={im*} > blocking customers
5: maxPF= maxAT 0Os)
6: forall j€BCdo
7: maxPF= min{maxPFgetMaxPKj,BC,s)}
8: end for
9: if (maxPF> €) then >e=10"*
10: applyPHmaxPEBC,s)
11: else > pushing forward is not possibte try to pull backwards
12: BC={im®}
13: maxPB= maxAT [Os)
14: forall j € BCdo
15: maxPB= min{maxPBgetMaxPRj,BC,s)}
16: end for
17: if (maxPB> €) then
18: applyPEmaxPBBC,s)
19: end if
20: end if

21: until maxPF> &€ v maxPB> ¢

to be moved in order to redudgax. We call these customers blocking customers. For each
customer irBC, we compute the amount of time he can be pushed forward witholating
any constraint or increasing the current maximum arrivatiifference (line 2

The computation is done in functiazetMaxPK j,BC,s). The function first identifies
the day (or the days) on which custonjeis visited earliest. The maximum push forward
pf(j,k) of j’s route on the respective day (or days) is computed witheesto all other
customer& on the same route. The upper boundgd j, k) is the value that puts the arrival
time difference ok on a level with the arrival time difference ¢f Consider, for example,
two routes 3-a—b—0 and 0—b—c—a— 0 that are executed on two days, respectively;
customeia has the largest difference in the arrival times. The algoriteduces$, by push-
ing forward the route on day 1. This, however, incredged he maximum push forward
pf(j,k) is limited by the value that setg= Ip.

Customers that block the pushing forward of tagke., pf(j,k) < €) are added to set

2Waiting times are not allowed. So, shifting customisr starting time on a given day is equivalent to
shifting the departure time of the vehicle that vigits
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BC. We obtain the maximum push forwandaxPF by evaluating the push forward of all
customers in séBC with respect to all customers that might block the shiftind ¢hen take
the minimum. Details on how thef(j,k) values are computed are given in Section 4.3.4.

By being greedy and shifting routes forward as much as plessile can get trapped in
a local optimum. Lines 12 - 18 of the algorithm serve as angsoaechanism. Effectively,
we try to reduce the delay that we have applied before.

The algorithm stops when neither pushing routes forwardpudling them backward
can reduce the maximum arrival time difference.

Figure 4.2 illustrates how the algorithm works. The figuréhattop shows the routing
plan for each day in a three-day planning horizon; severoousts are visited. The three
tables show three iterations of the algorithm. We reportathizal times at each customer
on each day, the arrival time difference for each customexPF, maxPB and seBC. In
iteration 1, customers 2 and 5 have an arrival time diffegenfal;im®*is set to 5, arbitrarily.
In order to reducénay customer 5’s arrival time on day 3 has to be pushed forwarts- C
tomer 2 is a blocking customer because its latest arriva tgon day 3 and its arrival time
difference is 4. The algorithm delays the routes on day 1 ayd3doy 0.2; a largemaxPF
would violate the shift length constraint on day 1. In itevat2, | axis still 4 at customer 2.
So,iM*js set to 2. Reducinbnax by pushing routes forward is infeasible; we are in a local
optimum. Therefore, the route on day 3 is pulled backward.lhy Dhis reducekyaxto 3.9.

In iteration 3, customers 2 and 5 have an arrival time diffeesof 3.9 but botmaxPFand
maxPBare zero; the algorithm stops.

4.3.4 Computing the shifts in the vehicle departure times

Algorithm 3 in Section 4.3.3 reduces the maximum arrivaldidifference by iteratively
shifting the vehicle departure times. In order to compute rifreximum amount of time
customerj’s starting time can be pushed forward with respect to custdmef(j,k), we
have to distinguish two scenarios.

In the first scenario, the day on which custorkas visited earliest is not the day on
which customeryj is visited earliest. This scenario is illustrated in Figdr8. In this case
we solve following equation to getf(j,k):

lj — pf(j,K) = I+ pf(j,k) — (aj2test— agurrent), (4.30)

Here,a!"®" denotes the arrival time at custonieon the current day anal®®stis the
latest arrival time at customér The left-hand side is the arrival time difference jodind
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0 5 10 15 20 25 30 3%ime

Iteration 1
Day 1 2 3 4 5 6 7
1 11.7 6.9 22
2 17.5|145|22.7|9.7| 29.3
3 18.7 | 15.7 25.3| 12
li 1.2 4 0 | 28] 4 0 0
imax 5
BC 52
maxPF/maxPB| 0.2/-

Iteration 2
Day 1 2 3 4 5 6 7
1 11.9 7.1 22.2
2 17.5|145| 22.7| 9.7 29.3
3 18.9 | 15.9 25.5(12.2
li 1.4 4 0 |26 38| 0 0
imax 2
BC 2
maxPF/maxPB| 0/0.1

Iteration 3
Day 1 2 3 4 5 6 7
1 11.9 7.1 22.2
2 17.5|14.5| 22.7| 9.7 | 29.3
3 18.8 | 15.8 25.4|12.1
li 13139 0 ([26/39]| 0 0
jmax 2
BC 2,5
maxPF/maxPB| 0/0

Figure 4.2 Three iterations of Algorithm 3.

the right-hand side is the arrival time differencekadfter delayingj’s route on its earliest
day bypf(i,k). The push forward that leads to a maximum reductioh iith respect to
customek is

‘ i — 1+ latest _ current
pf(j,k) = A& (ak2 &) (4.31)

In the second scenario, the day on which custoknir visited earliest is the day on
which customeyj is visited earliest (see Figure 4.4). We géd{ j,k) by solving

I] o pf(J,k) _ (aﬁurrent_i_ pf(],k>) _ aﬁ”dearliest, (4.32)
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Figure 4.3 Departure time adjustment: scenario 1.
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Day x [k}
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time

Figure 4.4 Departure time adjustment: scenario 2.

whereaﬁnde‘?"”ieSt is the second earliest arrival time of custorkerThe push forward that
leads to a maximum reduction ipwith respect to customexis

. ondearliest  scurrent
lj +a &
2

pf(j,k) = (4.33)

The approach of pulling routes backward follows the samaciple as for pushing
routes forward. Again, we have to distinguish two scenariesst, customek’s arrival
time is not the latest on the dgys visited latest. In this case the pull backward is

Ij _ |k + (aﬁurrent_ aﬁ”dearliest)

pb(j,k) = 5 (4.34)
Otherwise, the pull backward is
l current _ ,2"earliest
pb(j, k) — % (4.35)

2
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Algorithm 4 improveTimeConsistency
Require: feasible solutiors

1: repeat
2: f'=1(s)
3: iM&X = taskWithMaxAT [s)
4: aat = averageArrivalTim@m s)
5: eat= earliestArrival TimgiM? s)
6: lat = latestArrival Timéim s)
7: if (aat— eat> lat —aat) then
8: d = dayEarliestArrivali™® s)
o: else
10: d = dayLatestArriva(i™®s)
11: end if

12: apply2opt(im* d,s)
13: until f(s) < f’ or we have a special case as shown in Figure 4.6

4.3.5 Improvement of time consistency

The repair operators insert customers into the routing ptdy with regard to travel time.
So, new solutions might be poor in terms of time consisteti@/new solution is feasible,
we reduce the customers’ arrival time differences by rengnsarts of selected routes. This
approach corresponds to repeatedly executing a 2-opttop€kan [116]) on the route that
contains the customer with the current maximum arrival tdiference. The pseudocode
is presented in Algorithm 4.

First, we identify the customer with the maximum arrival ¢éimifference™* (line 3).
Then, we use the earliest, average, and latest arrival €8> to select a day to reverse
parts of the route that contaiff8* By using the selection criterion in line 7, we select the
day that has the highest chance to reduce the variance imrih@ éimes. This is the day
on which customeir™® is visited either latest or earliest. The 2-opt operatompisliad to
the route that containg'®* on the selected day (line 12). A reversal may affect eithéy on
customerse NaMif iM& < N@M or only customers NPMf jMa&Xc NPM,

A route that improves the solution is accepted as the basisifther reversals. Large
reductions in the maximum arrival time difference can beeexgd by reversing long se-
quences. Therefore, it is important to start the search thighongest sequence and then
reduce the length of the sequence until all 2-opt moves hega tried.

The desired result after one iteration is shown in Figure fitte black squares represent
the starting times of custom&éf?* The route selected for the 2-opt operator is the one that
containd™®on day 1. The procedure stops when no improvement is obtaineslersing
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Before 2-opt

Day 5 00— B
Day 4 O O | 0O—
Day 3 1 1
Day 2 0 u
Day1 — 0 0
0 1 2 3 2 5 time
«_ —— >
maximum arrival time difference
After 2-opt
Day 5 O0— B
Day 4 O O 00—
Day 3 ' 1
Day 2 0 u
Dayl \ — 4 }— @

0 1 2 3 4 5 tme

——

maximum arrival time difference

Figure 4.5 2-opt operator to improve time consistency. Tlaeksquares represent the
customer with the maximum arrival time difference. The whstjuares represent other
customers.

parts of only one route. However, with this stopping critarihe algorithm fails to improve
solutions like in Figure 4.6. In this example, the differena the starting time on the se-
lected day and at least one other day is close to zero. Th@moluould not improve by

reversing only one route. In such cases, we ignore all dagseifi®* has the same arrival
time as the day on which 2-opt is performed. With this modiiag we can improve the
solution step-by-step.

The 2-opt operator is costly in terms of computation timedose the evaluation of
one reversal involves the entire solution and requiresehdjustment of vehicle departure
times. In Section 4.3.6, we describe an approach to spedteiwgddorithm by avoiding the
execution of reversals that cannot lead to improved saistio

4.3.6 Speeding up the 2-opt operator

The 2-opt operator to improve time consistency in Secti@rb4s costly in terms of compu-
tation time. We can reduce the computational burden sigmifig by detecting unnecessary
reversals in advance. If the resulting increase in trawe {Att) would outweigh the result-
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Day5 +——[1—1 B
Day 4 O O O u
Day 3 O O
Day?2 —m O
Dayl | O O
0 1 2 3 2 5 fime

Figure 4.6 Special case for 2-opt operator. The black sguam@esent the customer with
the maximum arrival time difference. The white squaresesgnt arbitrary customers.

ing reduction in the maximum arrival time differend {4y, aAtt > (1— a)Almax We can
skip the current reversal. The computation\if is fast because in the worst case it is linear
in the number of customers on the route that is affected byawersal. (The computation
requires constant time if the distance matrix is symmatifet, Al,ax has to be estimated.

Proposition For each pair of customef(s, j) and each pair of day&,y) where the cus-
tomer pair is visited by the same driver, without taking thate on which 2-opt is to be
performed into account, we can calculate a lower baiRdy for Almax as follows:

|ajy — aiy| — [ajx — aix|
Al = max . 4.36
— e X,yeD X2y 2 (4.36)
i,JeEN,i#]
kix:kjmx#d/\/kix?ék/
kiy:kjy7y7éd/\/kiy7ék/

Parametea is the arrival time at customeon dayx andkiy gives the corresponding driver.
Routek’ is the route and dag’ is the day on which the 2-opt operator is performed.

Proof Each pair of customers, j) that is visited on days andy by the same driver may
either be visited in the same order on both days (scenarioFlgure 4.7) or in different
order (scenario 2 in Figure 4.7). In the first scenario, theartime difference that cannot
be eliminated by shifting the departure timeéa}%*a‘y)g(a"xfa‘*). Similarly, in scenario 2,
the maximum arrival time difference that cannot be elimedaby shifting is(ajy — ay) —

By —2y) (32 \yhich simplifies to 2 —)_(2x—%) yielding the same term as in scenario
1. By taking the maximum value across all pairs of custonfiefs and pairs of day$x,y),

expression (4.36) yields a valid lower bound fggx. [

If the vehicle departure times are fixed to zero (e.g., asarotiginal ConVRP) a lower
bound forAlnax is the maximum arrival time difference among all custombeg aire not
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Scenario 1

Day y
Day x
0 1 2 3 4 5 time
Scenario 2
Dayy 0 m—
i=lj
O
0 1 2 3 4 5 time

Figure 4.7 Upper bound on maximum arrival time difference.

affected by the reversal, i.e., are not visited on the routevhich the 2-opt operator is
applied.

4.3.7 Acceptance criterion

The decision whether or not a new solutisnis accepted as the current incumberis
based on a simulated annealing acceptance criterion (&trikg et al. [97]). The evaluation
functiong(s) is composed of the objective functidiis) and a penalty term for violations
of the driver consistency. That is,

max{0,2MX - w}

g(s) = f(s)+ (e Prenaty  —1)ijNs (4.37)

7" s the maximum number of drivers per custom2t¥{ = maxen{z}; z denotes the
number of different drivers per customig¢r W is the number of allowed drivers per cus-
tomer. ParametgpenaltyiS set such that the penalty for violating the driver corsisy by
one driver in the last iteratiom,nsmay IS €qual to the objective value of the initial solution,
gnitial (The initial solution is feasible, i.ef,(S"tal) = g(dntial) ) This yields
1
ppenalty: W (4-38)

iLN Smax

Improving solutions (i.e.g(X) < g(x)) are always accepted as current incumbents.
Using a simulated annealing rule, deteriorating solutiares accepted with probability
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e~ (9)-99)/t parametef is the current temperature in the annealing process. ltiis in

tialized by the term

We
In0.5
Thus, aw; % worse solution is accepted with a probability of 50% (Rysinand Ropke
[135], Ropke and Pisinger [145]). The cooling rate is cdigtbby parametec, i.e.,{ is

replaced byicin each LNS iteration.

f=— f(ghnitialy, (4.39)

The best found solutiog”®stis replaced ifs complies with all constraints anf{s) <

f (sbest).

4.3.8 Initial solution

Parameteut in the objective function has a strong impact on the streobdfiea good solution.
A solution that visits each customer on a separate routetimapif a is zero. Ifa =1,
several customers are consolidated on each route. Duestalifference in the solution
structure, better final solutions can be obtained by usingpegy starting solution. This is
especially true whew is very small and the maximum arrival time difference is elts
zero in the optimal solution.

We construct two initial solutions, one that is travel-tioréented and one that is time-
consistency oriented. The LNS is started with the soluthat has a lower objective value.

Travel-time oriented solution. We apply the greedy repair operator (with the original ve-
hicle capacity) from Section 4.3.2 and the worst driver @gsbperator from Section 4.3.1
to construct a feasible initial solution with reasonabl&ltdravel time. The algorithm it-
eratively applies the greedy operatdo insert customers into routes and the worst driver
destroy operator to remove all customers that violate theedconsistency requirement.
One of the removed customers is assigned to a new vehiclehanemaining customers
are inserted by the greedy operator into their cheapestiqosi he process stops when the
solution complies with the driver consistency constraifitme consistency is improved as
described in Section 4.3.5.

Time-consistency oriented solution. An initial solution with a low arrival time difference
iIs generated by assigning each customer that requires sittiga visits in the planning

3Driver consistency is considered in the greedy operatoweyer, there is no guarantee that the allowed
number of drivers per customer is not exceeded.
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simulated annealing repair operators related destroy operator

W c n A u v &
0.05 0.9999 0.1 12 4 4 7

Table 4.1 Parameter setting LNS.

period to a separate route. Customers that require only @iteave then inserted by the
greedy operator and time consistency is improved as destnibSection 4.3.5.

4.3.9 Further improvements

The LNS is designed for commercial applications where co#teé most important aspect.
Therefore, in its pure version, the algorithm performs podrthe focus is on time con-
sistency rather than on travel time (i.e.,is very small). Experiments show that we can
improve the time consistency by artificially restrictingeteearch space by reducing the
number of allowed drivers per customer. With this extensie® improve the time consis-
tency without losing much travel time for a broad rangecfettings.

The procedure is as follows. Regardless of the number ofvetiodriverswW per cus-
tomer, we start the search (including the initial solutibyyestricting the driver consistency
to one driver per customer. The restriction applies onlyh&orepair operators and the worst
driver destroy operator — the evaluation function is nog¢cet#d. We increase the number
of allowed drivers by one if the best found solution has nqtrioved foriLN%X iterations
(iLnsmaxiS the maximum number of LNS iterations). In the last 5% ofgharch, we again
allow W drivers per customer.

4.4 Computational results

Experiments on different ConVRP variants are conductedibging a C++ implementation
of the LNS on Intel Xeon X5550 computers with 2.67GHz. The benof LNS iterations
Is 50000. Results are obtained by taking the average of Ipeninstance.

LNS algorithms tend to be robust with respect to the chosetralbparameters. There-
fore, we kept the efforts to tune them low. Each parameterssa either an initial guess,
to a value defined in Chapter 3, or to a value reported in tbealiire (Ropke and Pisinger
[145]). Only the parameters listed in Table 4.1 were adplidiging the development of the
algorithm. The same set of parameters is used for all exjgeitisn
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4.4.1 Data sets

We apply the LNS to different variants of the ConVRP in ordeexamine its robustness.
The characteristics of the respective data sets are deddsddow.

Instances for ConVRP. A benchmark data set for the ConVRP is provided by Groér et al.
[75]. The data set consists of 12 instances with 50 to 19%ouests and a planning horizon
of five days. Customer requirements are fixed in advance éogitire planning period. The
probability that a customer requires service on a given day set to 70% when instances
were generated. We refer to this probability as serviceukeqy. The higher the service
frequency the more customers are serviced at least twee,more customers demand
consistent service. Furthermore, the daily routing plaewine similar with higher service
frequency. No bound on the maximum arrival time differeregiven in the benchmark
data set. We set the maximum arrival time difference acogrth the results obtained in
Groér et al. [75]. We refer to the benchmark data set as data se

Instances for ConVRP with adaptable departure times. The original ConVRP in-
stances are extended as described in Chapter 3 (KovacdHd4)). The extension refers
to the service frequency that was set to 50% and to 90%, riexgplgcthe service frequency
in the original instances is 70%. Also, different boundstmrmaximum arrival time differ-
ence are suggested. We use the instances with the tightesi$since these are the most
challenging. The vehicle departure time may be adjustechfmave time consistency. We
refer to the data sets with 50%, 70%, and 90% service frequasBg 5, Bo7, andBog,
respectively.

Instances for GenConVRP. ConVRP instances are turned into GenConVRP instances by
adding AM/PM time windows. In each instance, we associaséotners with even IDs with
AM time windows and customers with odd IDs with PM time window he shift duratiof®
is not bounded in all ConVRP instances. In instances withouhds on the shift length, we
setT to 1000. This constraint is very loose but we obtain reasienaine window ranges.
The data sets with time windows are nan@g, Cy 7, andCqp g, With respect to the service
frequencies.

There are no reference solutions for the GenConVRP. Therefee also use 10 small
test instances that can be solved by MIP solvers. The sn&thnioes contain 10 to 12
customers that are visited over a planning horizon of theges dThey are derived from the
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small ConVRP instances presented in Groér et al. [75]. W tefthe small GenConVRP
data set a€small-

Each instance is tested with different bounds on the numbeafl@ved drivers {V)
and with different parametes in the objective function (i.e., different emphasis on time
consistency).

4.4.2 Results for ConVRP benchmark instances (data sé&)

The performance of the LNS on the ConVRP benchmark instgde¢s se®) is compared
to three template-based algorithms: the record-to-retraxed!| algorithm for the ConVRP
(ConRTR) (Groér et al. [75]), the template-based tabu $6@rcS) (Tarantilis et al. [170]),
and the template-based adaptive large neighborhood s€E&ENS) (Chapter 3, Kovacs
et al. [107]). The results of the comparison are reportedlnid 4.2 and Table 4.3. For each
algorithm and each instance, we give the maximum arrivag tthfference linay) and the
total travel time plus the total service tifh@ T) in Table 4.2. All algorithms are stochastic
with the exception of the ConRTH.T,yg denotes the average results over 10 rdnkyin is
the best result out of five runs for the TTS and out of 10 run#ifelLNS. If the computation
time is available, we report it in second3RU).

In Table 4.3T T Imp(%) denotes the improvementin the total travel time ihabtained
by the LNS compared to the respective algorithms. The ingmm@nt between LNS and
TTS refers tol Tyin, the improvement between the other algorithm3 fg,g. The average
results over all instances are given in the last row of thétabhe last column gives the
improvement in the arrival time differencéntx Imp(%)) obtained by LNS compared to
TALNS.

The objective in the ConVRP is the minimization of the totai/el time while bounding
the maximum arrival time difference. LNS is modified to chélo& maximum arrival time
difference for feasibility before replacing the best fowsadution and parameter is set to
0.3.

The comparison of LNS to the template-based approachessstimyvadvantage of a
non-template-based approach. LNS performs better thaRTRm@mand TTS on all instances
with an average improvement ofi6% and 248%, respectively. The difference in the total
travel times is minor between LNS and TALNS. However, thévaltime difference is on
average 2@26% lower with LNS than with TALNS. (The total travel time cha improved
at the cost of a higher arrival time difference by increagpagameten in the LNS.) For a

“We add the total service time to the total travel time to besisiant with the literature.
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ConRTR TTS TALNS LNS

Instances T Tavg I max T Trin Imax  CPU T Tavg Imax CPU TTavg T Tmin Imax CPU

Ch_1.5_0.7| 2282.14 24.38 2210.56 21.99 80.00 2194.93 23.72 5.45 2132.47 2124.21 20.18 15.13
Ch_2_5 0.7 | 3872.86 34.26 3622.71 27.75 93.00 3605.03 31.86 14.69 3591.04 3540.80 25.41 18.82
Ch_3_5_0.7| 3628.22 22.87 3451.10 21.92 369.0p 3338.03 22.21 25.58 3310.20 3280.47 21.22 40.22
Ch_4.5_0.7 | 495291 27.53 4572.00 25.15 388.0Dp 4598.78 24.19 84.31 4557.72 4473.31 19.85 62.71
Ch_5_5_0.7 | 6416.77 26.93 5732.62 19.99 550.0p 5685.55 22.69 122.24 5675.16 5632.22 17.69 87.26
Ch_6_5_0.7 | 4084.24 63.47 4096.87 55.38 70.00 4051.50 63.26 6.63 4073.92 4070.72 40.39 14.58
Ch_7_5_0.7| 7126.07 83.96 6752.36 63.28 161.0p 6805.99 76.62 18.38 6713.15 6673.61 43.72 19.68
Ch_8.5_0.7| 7456.19 73.04 7279.39 62.01 539.0p 7192.45 65.97 32.24 7197.32 7126.29 50.27 31.27
Ch_9.5_0.7 | 11033.54 106.4310585.10 84.76 947.0010450.04 88.85 97.3910444.95 10390.70 59.07 50.24
Ch_10_5_0.7 13916.80 60.17 13120.40 57.17 1052.0013238.57 57.95 146.3213042.63 12955.10 55.19 78.73

Ch_11_5 0.7 4753.89 16.1Q 4721.09 15.68 480.0p 4506.59 15.33 35.96 4588.43 4471.22 13.91 83.63
Ch_12_5 0.1 3861.35 17.58 3607.88 16.91 172.0p 3530.16 16.50 25.60 3585.73 3521.88 13.63 27.41
Average 6115.42 46.39 5812.67 39.33 408.4p 5766.47 42.43 51.23 5742.73 5688.38 31.71 44.14

Table 4.2 Comparison with other algorithms on datafsahe names of the instances are
abbreviated.

TT Imp(%) Imax Imp(%)
Instances to ConRTR to TTS to TALNS to TALNS
Christofides_1_5 0.7 6.56 3.91 2.85 14.94
Christofides_2_5_0.7 7.28 2.26 0.39 20.26
Christofides_3_5_0.7 8.77 4.94 0.83 4.44
Christofides_4 5 0.7 7.98 2.16 0.89 17.95
Christofides_5_5_0.7 11.56 1.75 0.18 22.04
Christofides_6_5_0.7 0.25 0.64 -0.55 36.15
Christofides_7_5_0.7 5.79 117 1.36 42.93
Christofides_8_5_0.7 3.47 21 -0.07] 23.79
Christofides_9_5_0.7 5.33 1.84 0.05 33.52
Christofides_10_5_0.f 6.28 1.26 1.49 4.77
Christofides_11_5_0.f 3.48 5.29 -1.82 9.28
Christofides_12_5_0.f 7.14 2.38 -1.57 17.40
Average 6.16 2.48 0.34 20.62

Table 4.3 Improvement of LNS over other algorithms on dataAsd T is the total travel
time andlnaxis the maximum arrival time difference.

sample of ten runs, the average variation coefficient (stahdeviation / mean) of the LNS

is 0.0077; the reported variation coefficient for the TALNS0.0097 (see Chapter 3 and
Kovacs et al. [107]). This result supports previous findithgg LNS, if properly designed, is

a very robust metaheuristic. Additionally, with an averagenputation time of 44 seconds,
LNS is faster than the other algorithms.

4.4.3 Results for ConVRP with adaptable starting times (dead setsBg 5,
Bo.7, and Bo.9)

Tables 4.4, 4.5, and 4.6 compare the LNS and the TALNS whewehiele departure time
is adaptable. The departure times are adjusted by an expatagh in the TALNS and
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by Algorithm 3 (described in Section 4.3.3) in the LNS. LNSeuts only solutions that
comply with the time consistency requirement as best foohdisns; parameten is set to
0.2. The tables present the average total travel time plusothédervice timeT Tayg), the
maximum arrival time differencd{ay, and the computation time (CPU(s)) for LNS and
TALNS, respectively. The last two columns show the respedthprovements iff Taygand
Imax Of LNS over TALNS.

LNS performs well on this ConVRP variant despite tight bagaiodlmax An interesting
pattern can be observed when comparing results with diffeservice frequencies. LNS
outperforms TALNS on data s&j s with an average improvement of4R% in the total
travel time and an average reduction of4B% in the maximum arrival time difference.
The advantage of LNS diminishes to 0.67% with respedt Toand to 6.41% with respect
to Imax ON data seBp 7. On data seBgg, TALNS is superior to LNS with respect 0T,
TALNS performs, on average, 1.59% better than LNS. Nevirtisethe solutions found by
LNS have, on average, 7.48% smaller maximum arrival timfedihces.

The template-based approaches are suitable when semipesficy is high. With high
service frequencies the variation in the customer requerégmand, therefore, in the daily
routing plans is low. Accordingly, the template gives a gampbroximation of the daily
routes. With low service frequencies, there are more custsminat require only one ser-
vice during the planning horizon. LNS inserts all customets the routing plan first, and
improves the time consistency in a second step. In this vaayetis a greater flexibility to
place customers that are not linked to consistency regeinésrat positions that support the
time consistency of frequent customers.

Flexible departure times improve arrival time consiste{Chapter 3, Kovacs et al.
[107]). The variation in each driver’s departure times isdest; the average ratio between
the standard deviation of the departure times and the gmfth (among all instances in
which the shift length is bounded) is 5.26%, 3.97%, and 2.34data set$ s, Bo.7, and
Bo.o, respectively. For example, if the shift is 10 hours, thaaterof 5% indicates that each
driver starts his route with a deviation €30 minutes from his average departure time.

4.4.4 Results for GenConVRP

In experiments on the GenConVRP, the focus is on examiniagttect of the number of
allowed drivers per customeYW) and the importance of time consistency (expressed by
parameten) on the results. We use a normalized objective funcfit(s) in order to obtain
similar dimensions for the total travel time and for the nmaxim arrival time difference
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TALNS LNS TT I max
Imp (%) | Imp (%)
Instances T Tavg Imax CPU(s)| TTayg Imax CPU(s)| to TALNS | to TALNS
Christofides_1_5 0.5 1685.19 25.80 103.00 1677.59 17.78 60.02 0.45 31.07
Christofides_2_5_0.5| 2619.03 16.01 52.70 2597.02 12.20 44.48 0.84 23.79
Christofides_3_5_0.5| 2705.88 20.93 163.7f7 2670.03 19.53 150.64 1.32 6.71
Christofides_4 5 0.5| 3543.11 16.83 157.30 3376.09 13.26 148.2] 4.71 21.18
Christofides_5 5 0.5/ 4090.38 13.17 231.89 4060.42 12.75 199.97 0.73 3.17
Christofides_6_5_0.5| 2878.42 34.71 106.76 2891.35 30.70 30.96 -0.45 11.53
Christofides_7_5_0.5| 4764.38 24.84 40.47 4678.29 18.73 33.18 1.81 24.61
Christofides_8 5 0.5/ 5355.78 36.71 114.25 5357.87 28.80 88.64 -0.04 21.55
Christofides_9 5 0.5 7493.43 36.53 119.10 7422.41 31.40 94.16 0.95 14.04
Christofides_10_5 0.59628.98 28.19 228.58 9402.92 27.31 175.08 2.35 3.13
Christofides_11 5 0.53456.14 16.01 184.07Y3317.011 12.68 326.45 4.03 20.78
Christofides_12_5 0.52905.22 9.32 108.89 2894.34 7.89 91.62 0.37 15.33
Average 4260.50 23.25 134.23 4195.44 19.42 120.28 1.42 16.41
Table 4.4 Results for data 984 5.
TALNS LNS TT Imax
Imp (%) | Imp (%)
Instances T Tavg Imax CPU(s)| TTayg Imax CPU(s)| to TALNS | to TALNS
Christofides_1 5 _0.7| 2131.91 15.00 74.58 2123.02 13.31 73.38 0.42 11.23
Christofides_2 5 0.7| 3615.43 15.43 47.85 3599.69 13.81 54.79 0.44 10.52
Christofides_3 5_0.7| 3343.10 14.28 120.65 3308.12 14.04 224.6] 1.05 1.69
Christofides_4 5 0.7 4691.71 10.50 199.10 4562.46 9.76 245.18 2.75 7.09
Christofides_ 5 5 0.7 5716.18 10.67 212.32 5682.84 11.06 264.21L 0.58 -3.61
Christofides_6_5_0.7| 4064.34 31.73 137.50 4092.89 21.10 60.85 -0.70 33.51
Christofides_7_5_0.7| 6833.13 28.76 37.58 6693.43 23.87 41.64 2.04 16.98
Christofides_8 5 0.7| 7225.29 27.39 141.94 7192.44 27.31 132.28 0.45 0.31
Christofides_9 5 0.7| 10579.78 29.98 225.2010461.29 30.88 132.0)7 1.12 -2.99
Christofides_10 5 0./13217.64 28.71 281.3313050.14 27.76 184.083 1.27 3.31
Christofides_11 5 0.f 477298 6.40 177.24 4810.15 6.53 495.98 -0.78 -2.04
Christofides_12_5 0.f 3548.52 6.31 113.48 357140 6.25 91.29 -0.65 0.90
Average 5811.67 18.76 147.40 5762.32 17.14 166.68 0.67 6.41
Table 4.5 Results for data 984 7.
TALNS LNS TT Imax
Imp (%) | Imp (%)
Instances T Tavg Imax CPU(S)| TTayg Imax CPU(S)| to TALNS | to TALNS
Christofides_1 5 0.9] 2499.17 11.71 107.22 2499.04 9.52 82.85 0.01 18.72
Christofides_2 5 0.9] 4045.92 9.07 148.99 4051.71 8.88 64.91 -0.14 2.02
Christofides_3 5 0.9| 4018.88 9.49 135.69 4035.72 8.56 281.54 -0.42 9.84
Christofides_4 5 0.9| 5027.71 7.97 267.20 5049.91 7.37 375.2y -0.44 7.50
Christofides_5 5 0.9 6623.67 3.88 427.53 6882.86 3.96 390.74 -3.91 -2.07
Christofides_6_5 0.9| 4767.65 20.99 145.76 4772.33 20.99 44.64 -0.10 0.00
Christofides_7_5_0.9| 7741.18 15.93 111.90 7761.11 15.57 42.80 -0.26 2.27
Christofides_8 5 0.9| 8758.24 21.95 164.40 8770.39 19.99 122.08 -0.14 8.95
Christofides_9 5 0.9| 12648.34 19.09 159.0712556.00 18.99 149.2)7 0.73 0.54
Christofides_10_5 0.p16076.38 16.14 282.2816146.57 16.52 218.6/L -0.44 -2.37
Christofides_11 5 0.p 5043.93 7.46 98.69 5666.20 5.06 491.6H -12.34 32.19
Christofides_12_5 0.p 4015.40 3.72 122.78 4081.56 3.11 163.78 -1.65 16.34
Average 6772.21 12.28 180.96 6856.12 11.54 202.34 -1.59 7.83

Table 4.6 Results for data 98¢ o.
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regardless of the number of customers and the length of #mig horizon:

1OngkezKiezN jethinijkd
fl(s)=a S S W +(1—a)lmax (4.40)

deDieN

fN(s) sets ten times the average travel time between two custamegkation to the maxi-
mum arrival time difference.

Comparison between LNS and CPLEX on data se€Cgma

In order to verify the quality of the solutions obtained by &Nve solve the small instances
(Csmar)) and evaluate the gap to the solutions found by CPLEX. TallsHows the average
results over all instances in data €&k, The number of allowed drivers per customer
is set to one, two, and three, respective)y denotes the average objective value over
all instances. The results are obtained by CPLEX 12.5; athimces are solved to proven
optimality. Columnsle\ ns give the average deviation in the objective value betwee8 LN
and CPLEX. The last column shows the improvemen®ihthat is obtained by allowing
two drivers per customer instead of one.

Increasing the number of allowed drivers per customer frora t two leads to an
average improvement of at least 2%. Allowing three drivemsqustomer has no effect on
the solutions. So, better solutions are obtained by siighdreasing the number of drivers
per customer, regardless of the decision maker’s preferexet, allowing too many drivers
per customer deteriorates driver consistency without avipig the objective value.

The number of drivers also affects the relationship betwbertotal travel timeTT)
and the maximum arrival time differenck,fy. Decreasingx from 0.999 to 0001, i.e.,
decreasingmax by 100%, causes an increase of 1994 if with one driver (see Table 4.7).
With two and three driverd T increases by only 14%.

The LNS algorithm is able to find the best known solutions Far tajority of the set-
tings; the average computation time is 1.7 seconds. LNS faifind the highest quality
solutions only when the focus is fully on time consistenay,, ithe optimalax is close to
zero.

The average computation times required by CPLEX are showigimre 4.8 on a loga-
rithmic scale. Multi-threading was enabled in our expentsgthe reported values refer to
the total computation time across all threads. The comjontéitmes are given as a function
of a and the number of allowed drivevg per customer. IV is one, the computation time
increases from 21.9 seconds to 92.7 seconds @screases from 0.999 to 0.001; the peak
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one driver two drivers three drivers Imp(%)
a TT Imax OV deyns(%) TT Imax OV deyns(%) TT max OV deyns(%) | 1 — 2 drivers
0.999| 127.88 3.87 54.01 0.0p124.94 5.49 52.77 0.0p124.94 5.49 52.77 0.0p 231
0.9]127.97 3.50 49.04 0.00125.14 3.81 48.00 0.0p125.14 3.81 48.00 0.0p 213
0.8|128.18 2.98 43.94 0.0p125.55 2.91 43.05 0.0p125.55 2.91 43.05 0.0p 2.04
0.7| 128.18 2.98 38.82 0.0p125.67 2.76 38.02 0.0p125.67 2.76 38.02 0.0p 2.06
0.6|128.92 2.46 33.67 0.0p126.39 2.20 32.93 0.0p126.39 2.20 32.93 0.0p 219
0.5]129.31 2.24 2844 0.0p126.68 2.03 27.78 0.08126.68 2.03 27.78 0.08 231
0.4]130.04 197 23.16 0.0p129.18 1.06 22.46 0.46129.18 1.06 22.46 0.3f  3.00
0.3]133.05 131 17.79 0.17129.18 1.06 17.11 0.3p129.18 1.06 17.11 0.2p 381
0.2]135.44 097 12.23 0.18133.84 0.43 11.65 0.58133.84 0.43 11.65 0.5p 4.76
0.1]146.22 0.20 6.36 0.75138.83 0.08 5.94 1.51138.83 0.08 5.94 1.58 6.52
0.001| 152.70 0.00 0.06 0.75142.44 0.00 0.06 2.28142.44 0.00 0.06 2.28 6.72

Table 4.7 Results for data 9814 With different importances of consistency.
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Figure 4.8 Average computation times required by CPLEX.

is ata = 0.1 with 130.9 seconds. With two drivers per customer, theagyecomputation
time is more than 11 hours at = 0.001. With three drivers per customer there are two
peaks: one air = 0.001 and one ar = 0.5 with an average computation time of 19.2 hours
and 14.7 hours, respectively. CPLEX can cancel a large nuaflénary variables from the
model if W is set to one; therefore, problems can be solved quickly.cDneputation time
increases significantly whéi is larger than one. The same observation is made by Francis
et al. [66]. The authors enforce driver consistency in otdenake the problem easier to
solve with the proposed mathematical programming approach

Results for data setLq 5, Co.7, and Cp g

In this section, we present results for large GenConVRP st 5, Co 7, andCyg. The
results of all instances in the respective data set are gggpe for reasons of clarity and
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comprehensibility. Figures 4.9, 4.12, and 4.15 show theameimprovement to the best
known solution among all instances in data Ggt, Co.7, andCqp g, respectively. Results
are presented for different parameterand for different numbers of allowed drivers per
customer. The best known solutions refer to the best refsuitel with the respective setting
for parametenr (regardless of the number of drivers per customer). For eadhe first bar
represents the result for one driver per customer, the selsanthe result for two drivers
per customer, and so on.

The pattern in the figures is similar regardless of the serfrequency. The LNS results
have high variation with lover values. This result is not surprising because LNS is dedigne
with a commercial perspective. Interestingly, with lawbetter solutions are obtained if the
driver consistency is more restrictive. This observateuhtb the improvement described in
Section 4.3.9.

As a increases, the results are more stable and the advantadjlevaihg more than
one driver per customer becomes apparent. For each seremaehcy, there is a very
small difference between allowing two or more drivers pestomer. However, in most
of the cases the results improve significantly when two dsiage allowed instead of one.
The benefit of allowing more than one driver per customer elses with larger service
frequency. This is because with higher service frequeneydtily routes become similar.
So, not much can be saved by assigning a customer to différieets on different days.

Figures 4.10, 4.13, and 4.16 give the average travel timalecthaximum arrival time
difference for data seiSy 5, Cp.7, andCqp g, respectively. The lines show the results with
different numbers of allowed drivers per customer. Whenetsinga from 0.999 to 0.9,
there is a remarkable drop in the maximum arrival time déffere. The total travel time,
however, barely increases. With decreasinghe maximum arrival time difference can be
reduced further at the expense of a moderate increase iotdiéravel time. This observa-
tion is consistent with findings in Chapter 3 (Kovacs et ab7}). LNS is able to generate
solutions with a maximum arrival time difference of zerohétfocus is fully on time con-
sistency @ = 0.001). Yet, this comes at the price of a drastic increase irtdted travel
time.

Figures 4.11, 4.14, and 4.17 show the average fleet (or staé)i.e., the average num-
ber of vehicles used in the solutions) and the variation chedriver's departure times for
data set€ 5, Cp.7, andCqp g, respectively. The variation in the departure times is exped
by the average ratio between the standard deviation of thieleedeparture times and the
shift length; we consider only instances in which the sleifigth is bounded.

The figures show that driver consistency has a minor impat¢heraverage fleet size.



102 The generalized consistent vehicle routing problem

12 T T T T T T T T T

T T

1 driver C———
2 drivers & !
3 drivers @ :
4 drivers
5 drivers X

10 |

Average deviation from best known solution (%)
(2]
T

77

Figure 4.9 Average deviation in the objective value foretént numbers of allowed drivers
per customer and different importance of the time conscstem data se€ps. The lower
a, the more important the time consistency.

For all tested service frequencies and parametetse average fleet size is almost the same
regardless of the number of allowed drivers per customameTionsistency can also be
improved with a modest increase in the average fleet size wyét a = 0.001, an average
fleet size that is 2.5 to 6 times larger (depending on the cervequency) than the fleet
size without considering consistency is required. The rfeea larger fleet explains the
sharp increase in the total travel time in Figures 4.10, 4abh8 4.16. The variation in the
departure times is not affected much by the number of diftedtevers per customer and the
emphasis on arrival time consistency. The ratios are rqugtl, 5%, and 3% for data sets
Cos, Co.7, andCqp g, respectively. These results are similar to the variationsd in data
setsBg 5, Bo.7, andBg g indicating that the effect of the time windows on the vaaatin the
departure times is minor. The variations decrease only vehen0.001. Here, the number
of routes increases but they become shorter and are, therédes affected by fluctuations
in the demand.
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Figure 4.10 Average total travel time and average maximuivehtime difference for dif-
ferent numbers of allowed drivers per customer and diffareportance of the time consis-
tency on data sy s. The lowera, the more important the time consistency.
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Figure 4.11 Average fleet size and average ratio betweenahdard deviation of the vehi-
cle departure times and the shift length for datagt The lowera, the more important
the time consistency.
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Figure 4.12 Average deviation in the objective value fofedtgnt numbers of allowed drivers
per customer and different importance of the time conscstem data se€p 7. The lower
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Figure 4.13 Average total travel time and average maximuivehtime difference for dif-
ferent numbers of allowed drivers per customer and diftaraportance of the time consis-
tency on data sé€g ;. The lowera, the more important the time consistency.
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Figure 4.14 Average fleet size and average ratio betweenahdard deviation of the vehi-
cle departure times and the shift length for dataet The lowera, the more important
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Figure 4.16 Average total travel time and average maximuivehtime difference for dif-
ferent numbers of allowed drivers per customer and diffaraportance of the time consis-

tency on data sé€fg 9. The lowera, the more important the time consistency.
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Figure 4.17 Average fleet size and average ratio betweenahdard deviation of the vehi-
cle departure times and the shift length for dataet The lowera, the more important
the time consistency.
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Effect of time windows

In this section, we examine the results with regard to thatloo of AM and PM customers,
respectively. We compare three scenarios: First, the scathescribed in Section 4.4.1, i.e.,
AM and PM customers are distributed homogeneously in thacgeregion. In the second
scenario, the depot is located in the city center and cus®are assigned to time windows
in a circular fashion; close business customers are vigitéde morning while more re-
mote private customers are visited in the afternoon. Timmaivs are ignored in the third
scenario, i.e., each customer can be visited either in thaingor in the afternoon. Fig-
ure 4.18 illustrates the first and second scenario.

In Table 4.8, we present the interaction between paramet&ts the service frequency,
and the time window pattern. The values give the averagesptage improvement in the
objective value compared to scenario one for diffecen\v, and service frequency settings;
“Circular” refers to scenario two and “No TW” refers to theesario in which time win-
dows are ignored. The benefit of a circular pattern is betvde@8% and 6.13%. The actual
improvement depends on the service frequency and paramgtee level of driver con-
sistency has a minor impact. Unattractive routes with éngsedges are inevitable when
AM and PM customers are distributed homogeneouslyargismall, i.e., the emphasis on
arrival time consistency is large. However, routing can edggmed efficiently when AM
and PM customers are assigned in a circular fashion withetetridrating arrival time con-
sistency; the resulting routing plans show a flower-shapedtsire. Routing cost outweighs
the importance of arrival time consistency@ascreases; routes are optimized with regard
to cost and detours in order to improve consistency are adoi@herefore, the benefit of
the circular time window assignment diminishes.

Small service frequencies, i.e., large demand fluctuatioage it difficult to plan routes
efficiently in terms of cost and achieve high arrival time sigstency at the same time. As
described above, the circular time window pattern redutesonflict between arrival time
consistency and routing cost. So, the lower the servicaiéegy the higher the improve-
ment of having a circular time window pattern. We assumeeReéptions from this state-
ment occur due to variations in the heuristic results.

Ignoring time windows improves the results between 9.83#%18h62%. The influence
of the parameters is similar to the circular time window @att However, the impact af
is lower than before. Without time windows, the trivial uppeund forl,axincreases from
T/2toT. Therefore, our algorithm struggles to improve the resuhien the emphasis is
put on arrival time consistency.
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Figure 4.18 Two scenarios: First, there is no correlatidwben customer location and time
window assignment. Second, customers are assigned to timiews in a circular fashion.

4.5 Summary

In this chapter, we presented an extension of the consigédmtle routing problem (Con-
VRP). We call it the generalized consistent vehicle routangblem (GenConVRP) as it
generalizes the ConVRP by allowing more than one driver pstotner, by relaxing the
constraint for the maximum arrival time difference, by alinog flexible vehicle departure
times, and by incorporating AM/PM time windows for the custys. The GenConVRP is
solved by a large neighborhood search algorithm (LNS). Maolytion approaches for the
ConVRP are based on the template concept in which daily \etoates are derived from
a set of template routes. Our approach deviates from tmgipte and generates solutions
without using templates. Experiments on different ConVRRants show that on average
the non-template-based LNS performs better than all puddiglgorithms for the ConVRP.
Except for instances whem is very small (which we assume are not interesting in
commercial applications), we can summarize that the preghddNS algorithm performs
robustly as it generates high service quality solutions @itferent input parameters with a
minor increase in the variable cost (i.e., travel time) dralfixed cost (i.e., fleet size). The
results show that a very strict level of driver consistendhwne driver per customer can
be obtained without having to increase the fleet size. Ydh gieater flexibility, i.e., by
allowing at least two drivers per customer, the objectideeaan be reduced by up to 6.5%
(see Figure 4.9 witlh = 0.999). The larger the irregularities in the customer demands
the greater the potential savings. A large reduction in th&mum arrival time difference
can be obtained with modest increases in travel cost anddieet The variation of the
vehicle departure times necessary to improve arrival tiomsistency is slightly affected by
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Data Set
Cos Coz Co.o
W | a | Circular No TW| Circular No TW| Circular No TW
05| 6.13 14.62 | 4.02 11.36 | 3.16 10.66
06| 4.84 13.89 | 2.52 11.29 | 2.29 10.57
1/0.7| 4.44 13.38| 1.94 11.14| 2.53 10.92
08| 3.14 13.06 | 1.12 11.12 1.48 10.29
09| 271 12.86 | 0.68 10.89 1.24 10.45
05| 5.71 14.23 | 3.80 11.31| 3.65 10.97
0.6 4.50 13.08 | 2.62 10.84| 2.67 10.74
210.7| 391 13.31| 1.96 1042 | 2.14 10.53
0.8| 3.44 1256 | 1.02 10.09| 2.01 10.82
09| 281 12.18 | 1.17 9.83 1.28 10.16
0.5| b5.65 14.02 | 3.27 11.23| 3.04 10.75
06| 4.61 13.05| 2.52 10.52| 2.87 10.72
3/0.7| 3.85 12.52 | 2.03 10.58 | 2.26 10.75
0.8| 3.22 12.41 | 0.99 9.93 1.99 10.35
09| 294 12.27| 1.23 10.08 1.37 10.45

Table 4.8 Average percentage improvement in the object@evcompared to scenario 1
(i.e., time windows are independent of the location of congrs). Circular refers to scenario
two and No TW means that time windows are ignored.

time windows. Disregarding AM/PM time windows decreasest @@y up to 14.62% when
demand fluctuations are high and emphasis is put on servitsstency.






Chapter 5

The multi-objective generalized
consistent vehicle routing problem

5.1 Introduction

Vehicle routing with consistency considerations is a rroltfjective process: Companies put
large efforts into optimizing vehicle routes in order to tase cost. Atthe same time, many
companies are willing to increase routing cost to visit eacstomer at similar times of the
day with drivers familiar to them. This is because servicesistency increases customer
satisfaction and, thus, the lifetime value of customersci§den makers are faced with the
task of choosing between a minimal-cost routing plan thabisrly consistent, a high-cost
routing plan with perfect consistency (i.e., visiting eatistomer at exactly the same time
with his favorite driver), or any routing plan in betweengbesxtremes.

Several papers examine the trade-off between servicestensy and routing cost, but
the multi-objective nature of the problem is often overdifigal. In Chapter 3 (Kovacs et al.
[107]), for example, we compared the routing cost of sohgim which consistency is ig-
nored to solutions in which consistency is enforced by hartstraints. The same approach
is applied in Coelho and Laporte [35], Francis et al. [67]p&ret al. [75], and Spliet [159].
In Chapter 4 (Kovacs et al. [103]), and in Coelho et al. [33)elbo and Laporte [34], and
Smilowitz et al. [158], the multi-objective problem is tsformed into a single-objective
problem by aggregating routing cost and consistency measents into a single objective
function. This approach involves a priori decisions abbetitnportance of each objective,
I.e., service consistency needs to be expressed in morgateryFeillet et al. [59] introduce
the time-consistent vehicle routing problem with two olij@s: minimizing routing cost
and improving arrival time consistency.
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Multi-objective optimization is a flexible approach for &mng the trade-off between
conflicting objective functions. Without conflicting objaes, the optimization process re-
sults in a single solution that is optimal in all objectiveaftions. However, with conflicting
objectives, there may exist a large number of relevant mwist These solutions are not op-
timal in the sense of single-objective optimization; rathieey are trade-off solutions, i.e.,
solutions that cannot be improved in one objective withaiedorating another. Among
all solutions found, the one that maximizes the utility of turrent decision maker will be
implemented in the field.

The active interest by researchers and practitioners iti-olojlective combinatorial op-
timization (MOCO) has generated a vast amount of literat8tevey papers are presented,
e.g., by Coello Coello [36], Ehrgott and Gandibleux [54] r@dtt and Wiecek [56], and
Steuer et al. [164]. Prominent examples of mathematicgaraming-based optimizers for
multi-objective problems are theeconstraint method (e.g., Bérubé et al. [14], Ehrgott and
Ruzika [55], Haimes et al. [77], Srinivasan and Thompsoi3[L&nd the two-phase method
(e.g., Przybylski et al. [138, 139], Visée et al. [181]). Batpproaches provide trade-off
solutions by repeatedly solving a single-objective probigith changing parameters (e.g.,
tightness of constraints and coefficients of the objectiviefion). Other algorithms that are
based on the iterative scheme are presented, e.g., in Nenaray Schweigert [125], Ralphs
et al. [140], Riera-Ledesma and Salazar-Gonzalez [148]Saftva and Crema [168]. Leit-
ner et al. [114] perform a computational study on five iteagolution approaches for the
bi-objective prize-collecting Steiner tree problem. Maali branch-and-bound and branch-
and-cut algorithms solve the multi-objective problem inragke run (e.g, Jozefowiez et al.
[94], Parragh and Tricoire [134], Vincent et al. [180]).

Heuristic multi-objective optimizers are often based oaletionary algorithms (EAS)
(Jones et al. [93]). EAs maintain a pool of solutions (cajegulation) during the search
process. Therefore, EAs are particularly suited for findirany trade-off solutions in a sin-
gle run. An overview of evolutionary solution approachgeesented, e.g., in Coello Coello
[36], Fonseca [63], Horn [90], Konak et al. [101], Tamaki &t[469], Van Veldhuizen
[177], Zitzler et al. [191], and Zitzler and Thiele [192]. Mizobjective extensions of single-
objective heuristics such as tabu search, variable nergblbd search, ant colony optimiza-
tion, and simulated annealing are presented, e.q., izdélkzsnd Jaszkiewicz [41], Doerner
et al. [49], Hapke et al. [78], Jozefowiez et al. [95], Pahragial. [133], Schilde et al. [150],
and Yang et al. [189]. Paquete et al. [130] and Tricoire [Ipf4kent heuristic frameworks
for MOCO problems that integrate various local search egjiat.

In this chapter, we present the multi-objective generdlizensistent vehicle routing
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problem (MOGenConVRP). The problem is based on the gemethltonsistent vehicle
routing problem (GenConVRP, see Chapter 4 and Kovacs €t@8]) that aggregates rout-
ing cost and arrival time consistency into a single objectivnction; the number of dif-
ferent drivers per customer is bounded. In the MOGenConV&Rjng cost, arrival time
consistency, and driver consistency are independent tolgscof the problem. Solving
this multi-objective problem in practice is unrealistig/pIcally, the long computation time
caused by the large search space and the high number ofrretalations is prohibitive.
The aim of our work is to find all trade-off solutions for diféeant test instances; these solu-
tion sets enable a thorough analysis of the trade-off betaedval time consistency, driver
consistency, and routing cost. Our results should help emmeg in the routing industry in
finding adequate consistency goals to aim for. We devise kaotesolution approaches and
one heuristic. The exact approaches are based oa-tlo@straint method (Haimes et al.
[77], Laumanns et al. [112], Srinivasan and Thompson [16Byr both exact approaches,
the computation time is reduced by introducing valid inddjea and by exploiting spe-
cial properties of the problem. Optimal solutions for the @€hConVRP are important
for benchmarking tests that measure the quality of appraton methods. Our heuristic
is a combination of the large neighborhood search algorihiNS) for the GenConVRP
(Chapter 4, Kovacs et al. [103]) and the multi directionaidiosearch framework (MDLS,
Tricoire [174]). We refer to the heuristic algorithm as mditectional large neighborhood
search (MDLNS). The quality of the MDLNS is validated by camipg several unary qual-
ity measurements for multi-objective solution sets. Thepotation time of the algorithms
is secondary for our analysis. Nevertheless, for practipplications, all algorithms can be
speeded up at the cost of solution quality.

5.2 Problem definition

The MOGenConVRP is based on the GenConVRP (see Chapter 4amad Ket al. [103])
and is modeled on a complete directed gra@h (N°,A). NO = {0,1,...,n} is the set of
nodes representing customer locations and the depoigthe set of customerP\ {0}).
Customers are divided into AM customers who can only beedsit the morning @™ C N)
and PM customers who require a visit in the afternddAM C N, N#MONP™ = {} Namy
NP™ = N). SetN' contains all customers that require at least two visitsrdyifie planning
period. A= {(i,j) : i,j € NOi # j} is the set of arcs. Arcs from customezsNP™ to
customerse N2™ are omitted from the graph. Each dicj) € A is associated with travel
timetjj. The travel time matrix satisfies the triangle inequalityus@mers are visited by
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a homogeneous fleet of vehicles in the ket {0,1,...,k}. The number of vehicles is not
restrictive (i.e.k = n). Each vehicle has a capacity @f Drivers and vehicles share a one-
to-one relationship. We use drivers and vehicles intergbahbly, depending on the context.
Each route starts and ends at the depot. The departure tifiexilsle, but vehicles must
return to the depot before tinTe. The planning horizon involve®| days whereD is the
set of days. On each daye D, each customere N has demandjy and service time
Sq. Auxiliary parametersvig are set to 1 if customerrequires service on day (gig > 0)
and set to 0, otherwise. Each set of nodes is specified by ithdexienote customers that
require service on dag (e.g.,Ng contains customers that require service on dayd the
depot). Additionally, we define séfy C A that contains arcs between customerBlJmAg
also contains the arcs from and to the depot. The model usdsltbwing binary variables:

lifarc(i,j) € Ag is traversed by vehiclie on dayd,
Xijkd =
] 0, otherwise;

1,if customer is assigned to vehicleon dayd,
Yikd =
0, otherwise;

1,if customer is assigned to vehiclie
Zk =
0, otherwise.

Variablesa;y denote the arrival time at customet Ny on dayd; znaxis the maximum
number of different drivers that any customer encountgtsg; gives the maximum arrival
time difference, i.e., largest difference between thestadémd the earliest arrival time per
customer among all customers. Constraints (5.5) - (5.18)aMOGenConVRP model are
equivalent to constraints (4.2) - (4.10) in the GenConVRRI@eh¢Chapter 4), respectively.
Constraints (4.11) - (4.14) in the GenConVRP are combingéal ¢onstraints (5.14) and
(5.15).

min f = (fq, fp, f3) (5.1)

f1 = ij Xi jkd (5.2)
ngk;( (H)ZGAg

f) = Zmax (5.3)

f3 = Imax (5.4)
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subject to:
yOkd:]- Vke K,dGD (5.5)
Z<yikd:1 VieNg,deD (5.6)
ke
CidYikd < Q vkeK,deD (5.7)
i€Ng
> Xijkd = D Xjikd = Yikd VjieN} keK,deD (5.8)
ieNg ieNd
ad + Xijkd (Sd +tij) — (1 —Xijkd) T < @jq V(i,j) e A, keK,deD (5.9
Aid + Xijkd (Sd +tij) + (1 —Xijkd) T > ajd V(i,j) e Ag,keK,deD  (5.10)
Zik > Vikd VieN,keK,deD (5.11)
S 7k < Zmax VieN' (5.12)
keK
T .
[tOi,mln(E,T —tio—Sdq)] 2 aig VieN§™,deD (5.14)
T .
[maKtOi,E),T—tio—sd)] > ag VieN™deD (5.15)
Xijka € {0,1} VY (i,j) € AJ,keK,deD (5.16)
Yid € {0,1} VieNd keK,deD (5.17)
zZke{0,1}  VieN' kekK (5.18)

Equalities (5.5) ensure that each route starts from thetd€umstraints (5.6) guarantee
that each customer is serviced on each day he requires setmqualities (5.7) limit the
vehicle capacity t&. Equalities (5.8) are flow conservation constraints. Irditjas (5.9)
and (5.10) set the arrival times at the customers. Vehitilegdo improve time consistency
is not allowed (5.10). Inequalities (5.9) also prevent sulrs. Driver consistency is defined
in (5.11) and (5.12). Constraints (5.11) setzivariables and constraints (5.12) set the max-
imum number of drivers per customer. Constraints (5.13hddhe maximum arrival time
difference. Finally, constraints (5.14)-(5.18) define tloenains of the decision variables.
Time window feasibility is ensured by restricting the donsaof the arrival time variables;
this approach reduces the computation time of the appltedén linear programming opti-
mizer.

The objective (5.1) is to minimize a vector of conflicting etfive functions. The vec-
tor f is composed of the total travel time (5.2), the maximum nundbalifferent drivers
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per customer (5.3), and the maximum arrival time differefacé). In the MOGenConVRP,
there is no solution that optimizes all three objectiveadiameously. Rather, there are sev-
eral solutions that are optimal in the sense of multi-olbjeadptimization.

With multiple objectives of equal rank, we cannot decide tluke or not a solution is
better than another for any pair of solutions, i.e., the rabjective search space is partially
ordered. Comparable solutions are ordered by a dominatate®redefined as follows:

Solutions! dominates solutiog? (st - s?) if and only if

Vie{1,2,3}: fi(sh) < fi(s?) and
Jie{1,2,3}: fi(sh) < fi(s).

A solutionsis efficient if and only if there is no other solutichthat dominates. Set
E contains all efficient solution& = {s : A ¢ such that’ = s}. (Note: solutions irE are
incomparable and equally good for a neutral decision mpKére Pareto-front is defined
asP = {f(s) : s€ E}. Elements oP are said to be non-dominated points in the objective
space. Depending on the context, we use solution eitherrtotdean element dE or an
element ofP.

Our goal is to generate in order to study the trade-off between travel cost and servi
consistency. There are at least as many efficient solutismoa-dominated points, i.e.,
several solutions might give the same objective vector. usgiit suffices to find only one
solution for each point if®.

5.3 Solution approaches

We propose two exact solution approaches (i.e., approdichefind all points irP) based on
the e-constraint method. The-constraint method has been applied successfully forsglvi
various multi-objective problems (e.g., Bérubé et al. [Kdilik and Sayin [98], Laumanns
et al. [112], Srinivasan and Thompson [163]). Leitner efldl4] show that th&-constraint
method outperforms other mathematical programming-basédion approaches for the
bi-objective prize-collecting Steiner tree problem. Irct@n 5.4, we show that the exact
algorithms are able to solve MOGenConVRP instances witlo i ttcustomers that require
service over five days. So, in order to study realistic pnobiestances, we also devise a
metaheuristic algorithm that provides an approximatioR,adenoted byP,pprox. MDLNS
integrates the large neighborhood search algorithm foGeér@ConVRP (Chapter 4, Kovacs
et al. [103]) into the multi directional local search frameWw (Tricoire [174]). The LNS
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is the state-of-the-art approach for single-objectivescstent vehicle routing problems; the
performance of the MDLS is comparable to the best known swlwpproaches for three
different combinatorial optimization problems. In thixgen, we describe the algorithms
in detail and present problem-specific enhancements.

5.3.1 Exact approaches

In the e-constraint method, the multi-objective problem is tramsfed into a single-
objective problem by optimizing one objective function aesitricting the objective value of
the remaining functions. By modifying the tightness of tbastraints, we can identify dif-
ferent elements of the Pareto-front. The single-objeqinabdlem is solved by a procedure
that we refer to aspt(f,¢,¢’); itis defined as follows (Laumanns et al. [112]):

lex min f(s) = (fq, fa, f3) (5.19)

subject to:
g <fi(s)<g Vi e {2,3} (5.20)
seS (5.21)

The objective is to minimize the three objective functiom$eixicographic order (5.19):
f1 first, f> second, ands third. Constraints (5.20) aeconstraints that bound the objective
value of f; and f3. SetScontains all feasible solutions defined by constraints)(5(5.18).
Expression (5.21) restricts the search space to solutions3.

Without lexicographic optimization, the procedure migéturn solutions that are not
efficient. For example, a soluticst with minimal travel cost and objective vectb(s') =
(100,3,21) is dominated by solutiog® with f(s?) = (100, 2,20). The computation time for
finding s* will be wasted, ifs ands® are both within the same search space. By performing
a lexicographic optimization, we can guarantee that theigea solution is always non-
dominated for the given search space. The output of the guvees either an optimal
solution for the constrained problem (if a feasible solutexists) or null (if the search
space is empty).

In our implementationppt(f,e,€') is based on a branch-and-bound algorithm. The
lexicographic optimization is performed in two phases: $hmgle-objective problem with
f; as the only objective is solved in the first phase;stebe the provided solution. In the
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second phase, we restrict tfigvalue of the second solutics? to the previously obtained
value (f1(s?) < f1(st)) and solve the problem with the following objective functio

f3(s?)
UB3

min f(s%) + (5.22)
ParametelJ B3 is an upper bound fofz such thatUB3 > f3. (A trivial upper bound for

f3 is half the closure time at the depbf2.) This approach optimizefs and f3 in lexico-
graphic order sincé, € N and{f—éfs) < 1. Furthermore, the second phase can be solved with
minimal effort: Once the first phase solution is found, theosel phase can be solved by
exploring the unprocessed nodes of the branch-and-boeepal other nodes have already
been pruned either by infeasibility or by tfigbound. The resulting solution is the correct
output ofopt(f, e, ).

We propose two algorithms that repeatedly appdy(f, &, ¢’) in order to obtairP. The
algorithms differ in the scheme tlgeconstraints (5.20) are modified. The total computation
time of both algorithms depends mainly on the computatioretofopt(f,e,&’). The op-
timization process can be speeded up by aborting the proeechen a certain optimality
gap (i.e., difference between the best found solution aad#st lower bound) is reached.
Yet, this might prevent us from generating the optimal Rafeint.

Two dimensional adaptivee-constraint method

Our first exact multi-objective algorithm is called two dinsgonal (2D) adaptives-
constraint method. The 2D method is based on the obsenthtbthe number of different
drivers per customerff) is, typically, low (in our experiments no more than five). efé&-
fore, we can enumerate the bi-objective problem with objestf; and f3 for all possible
bounds onf,. For anyf, value, the bi-objective problem is solved by repeatedlycakag
opt(f, &, &) with modifiede-constraints.

The outline of the 2D method is given in Algorithm 5. The prdeee starts with an
empty set of efficient solutioris. In line 1 and 2, we initialize the-constraints orf, and
f3. In each iteration of the outer loop (line 3-12), the boundfgms tightened by at least
one (line 11); variablé&k memorizes the maximum number of drivers per customer among
all solutions for the respective bi-objective problem. Each upper bound ofp, the in-
ner loop (line 5-10) provides efficient solutions for thediijective problem by repeatedly
tightening the bound offg (line 8). The algorithm stops as soon as the bi-objectivelera
is solved for the strictest driver consistendy € 1). The output is a set of solutions that
contains at least one solution for each point on the Paretd:f



5.3 Solution approaches 119

Algorithm 5 2D € — constraint method

Require: E = {}
1: £=(0,1)
2: £/ = (,0)
3: while & > & do
4: k=0
5. while & > &3 do
6: s=opt(f,e,€)
7: E=EuU{s}
8: &5 = f3(s)
o: k=maxk, f2(s)}

10: end while
11: € =(o0,K)
12: end while

13: return E

Iteration 1 Iteration 2 Iteration 3
f1 f1 f

F @ = = = = = = = = = =
F e e e m= = = = = = =
O m - =

fs f3 f

Figure 5.1 Objective space for three iterations of the ino@p (line 5-10) of Algorithm 5,
i.e., the bi-objective problem for an arbitrary boundfon

Figure 5.1 illustrates the objective space for three itenatof the inner loop (line 5-10),
respectively. The dashed lines deneteonstraints orfz and the dots represent the objec-
tive vector of solutions found bgpt(f,e, €'). The left figure shows the initial bound dp
and the first solution with miniméfy, value. In the second iteration, the boundfefi.e., £3)
is set to thef; value of the solution found previously and the constrainedlem is solved.
The figure at the right shows a solution with= 0. The inner loop stops becauggis
optimal. The algorithm proceeds by tightening the bound-cend solving the bi-objective
problem again.
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Three dimensional adaptives-constraint method

The second exact algorithm is referred to as three dimeak(8D) adaptives-constraint
method. It is based on the framework proposed by Laumannk Etl2]. The authors
present a general algorithm for solving multi-objectiveldems with an arbitrary number
of objectivesm. The worst case time complexity of the algorithm, measunethb calls
of opt(f,e,¢’), depends on the number of pointsRn(|P|) and the number of objectives:
o(Pm™).

The basic concept is an— 1 dimensional hypergrid that divides the objective spat® in
rectangular subspaces that are parallel to the axes,®@strips in bi-objective problems
(see figure at the right of Figure 5.1), (Laumanns et al. [L12ch cell in the grid represents
one constrained search space for whogh( f, €, ¢’) is applied. The coordinates of the grid
are given by solutions that have been found earlier; so, ungxer of cells in the grid grows
to the power oin— 1 each time a new solution is found. In our case, the objespaee is
divided with respect td, and f3. For each efficient solution found during the search, we
store the objective valuefs and f3 in vectorse, andes (e = (e, €3)), respectively. Matrix
e defines the coordinates of the grid.

The pseudo-code of the algorithm is given in Algorithm 6. Phecedure is initialized
with an empty set of efficient solutiors, an empty set of already searched subspé&ges
and the initial coordinates of the grel Variablei is an iteration counter that indicates the
index of the cell that is to be searched and variabie the current number of cells in the
grid. Initially, the grid contains one cell that is definedtbg lower and upper bounds d
and f3, respectively. In each iteration of the outer loop (linedd;2he algorithm provides
one new solution. The inner loop (line 4-18) examines eatitiarenew efficient solutions;
in each iteration, the subspaces are explored in increasingoer of cell index starting
with index 0. The current subspace is provided by functi@Constraint§, e E) that
translates the current cell ineaconstraints (line 8) (details on this function are desxiim
Laumanns et al. [112]). If the current search space has ndigen examined (line 9), we
applyopt(f,e,&’). Depending on the outcome, we distinguish two paths: Fast,f, ¢, ')
provides a solution that is dominated by a solutio&iar there is no feasible solution in the
respective cell. Then, we mark the current subspace defipnedande’ as searched (line
12) and move on to the next cell (line 17). Secoagi(f,¢e, ') provides a new efficient
solution. In this case, we leave the inner loop (line 14), tedsolution tcE (line 19), and
mark the subspace that is dominated by the new soluftfgs)( £']) as searched (line 20). In
line 21, we call the functiompdateConstraintd (s), e) that inserts the new coordinates of
the grid into matrixe (for details on this function see Laumanns et al. [112]). fibeber



5.3 Solution approaches 121

of cells grows with each solution found;is updated in line 22. The algorithm generates
one solution for each point iR, i.e., |E| = |P|. This is guaranteed by the definition of the
subspaces (inequalities (5.20)) and the lexicographionigation within each subspace.
Finally, we reset the iteration counter to zero in order tytdhe search in the inner loop
with cell 0. The algorithm stops when all cells have been erath(line 5-7); the output is

a set of efficient solutionk.

Figure 5.2 illustrates thé& — f3 projection of the objective space for three iterations of
the outer loop of the 3D method, respectively. For eachtitarathe figure at the left shows
the initial grid and the figure at the right shows the grid afte efficient solution has been
found. In the firstiteration, the grid consists of a singlkttet contains an efficient solution
denoted by a point. The new solution divides the grid inta fmlls. The numbering of the
cells starts with O in the lower left corner and increasegassively column by column. In
the second iteration, we continue the search in cell 0. Gslhatched because it represents
a subspace that is dominated by the solution found in theifesition. We find a new
efficient solution in cell 0. The grid is partitioned and thedls are renumbered. In iteration
3, we again start the search with cell 0. Cell 4 is hatched us=# is dominated by the
solution found in iteration 2. (Cells 5 and 7 are not domiddiecause they might contain
solutions with a lowerf; value.) The search in cell 0 is without result, i.ept(f,¢,¢&’)
returns null. So, cell 0 is marked as searched and we contithecell 1. Here, we find a
new solution, partition the grid, and mark cell 6 as searched

It is essential to search the cells in ascending order otewdstarting with cell O: Let’s
assume that in iteration 2 there is a solutgrwith objective vector(100,2,12) in cell 2
and a solutiors' with objective vector(100,2,10) in cell 0. If we started with cell 2, we
would partition the grid based a® even thougts! dominates?.

Single objective optimizer

The computation time of our exact approaches is mainly tteby the lexicographic op-
timizeropt(f,e,€’). Therefore, we put emphasis on strengthening the model mrech-
and-cut fashion. In the following, we describe and evaluheeefficiency of five types
of valid inequalities: Capacity cuts and subtour cuts aneega inequalities for routing
problems (see, e.g., Laporte and Nobert [111], Naddef andl&i[123], Toth and Vigo
[173]). Symmetry breaking constraints have been invetgda Coelho and Laporte [35]
and Fischetti et al. [60]; we present a modification of themgstraints that is valid for the
MOGenConVRP. Finally, two time consistency related inditjea are introduced.
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Algorithm 6 3D € — constraint method
Require: E={},F ={},e0=(0,0),e3 = (1, )

1:i=0

22¢c=1

3: loop

4: loop

5: if i > cthen

6: return E

7: end if

8: (g,€’) = getConstraint§, e, E)
o: if [€,€] ¢ F then
10: s=opt(f,e,¢)
11; if s=null or 38 € E: ¢ = sthen
12: F=FUle¢|
13: else
14: break
15: end if
16: end if
17: i=i+1

18: end loop

19: E=EU{s}

20: F=FU[f(s),¢]

21: updateConstraintd (s), e)
22:  c=(|E|+1)?

23: i=0

24: end loop

Capacity cuts (CC) and subtour cuts (STFS|) The model defined by inequalities (5.5) -
(5.18) is complete. Nevertheless, adding a limited numbeounded capacity constraints
(inequalities (5.23)) and generalized subtour elimimaonstraints (inequalities (5.24))
can speed up the optimization process.

Xijia > [ 21899 ¥SC Ny, |S>2deDkeK, (5.23)
1€S)e Q
Zzsxukdgﬁ—l VSCNg,|§>2deD,keK. (5.24)
i€Sje

Symmetry breaking (SB) Drivers are homogeneous in the MOGenConVRP; therefore,
the number of feasible driver-customer assignments groysreentially with the number
of customers. lznax < 1, there ar&k” feasible assignmentg;is the number of available
drivers andn is the number of customers. Table 5.1 shows all 27 feasidgm@mnents
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Figure 5.2f, — f3 projection of the objective space for three iterations ofj@gkithm 6,
respectively.

for three drives{A,B,C} and three customefd, 2,3}. Many assignments are equivalent;
for example, each assignment from 1 to 6 would yield the saomat pn the Pareto-front.
Motivated by Coelho and Laporte [35] and Fischetti et al],[8@& use symmetry breaking
inequalities that reduce the number of feasible assigrersgnificantly:

Zk < ) Zjk-1 Vke K\{0},i € Nt, (5.25)

1<i

zikgdz Yikd VkeK,ieNg. (5.26)
eb
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Assignment, A B C | Assignment A B C
1 1 2 3 16 1,2 3
2 1 3 2 17 1,2 3
3 3 1 2 18 3 12
4 3 2 1 19 3 1,2
5 2 1 3 20 12 3
6 2 3 1 21 3 12
7 1 2,3 22 1,3 2
8 1 2,3 23 1,3 2
9 2,3 1 24 13 2
10 2,3 1 25 2 13
11 2,3 1 26 2 13
12 1 2,3 27 2 1,3
13 1,2,3
14 1,2,3
15 1,2,3

Table 5.1 Feasible driver-customer assignmentgdk < 1. The set of drivers i$A,B,C}
and the set of customers{g, 2, 3}.

Inequalities (5.26) restrict they variables; inequalities (5.25) allow a customer-driver as
signment(i, k) only if driver k — 1 visits a customer with a smaller index thianin our
example, the inequalities reduce the number of feasibligrasents from 27 to 5, i.e., to
assignments 1, 7, 13, 16, and 22.

Inequalities (5.25) are invalid #nax > 2. In this case, the number of feasible driver-
customer assignments[i'ﬁzggrl(k— i)" because each customer can be assigned to different
drivers on different days. A slight modification of inequi@s (5.25) is valid regardless of
the number of different drivers per customer:

<Y Zka v ke K\{0},i € Ns. (5.27)

N

Proposition: Inequalities (5.27) are valid for the MOGenConVRP.

Proof: Let Ny € Z(N) be the set of customers assigned to driverK (Z(N) is the power
set of all customers) arig be the customer with smallest index in Bt By sorting the’s
in non-descending order, we achieve eithel < ix orix_1 =ik V ke K\{0}. O

Time consistency-related inequalities 1 (TC1) For a given bound ohyax (that is im-
posed by thes-constraint method)l., we can add inequalities to the model that exclude
solutions with poor arrival time consistency. Time coresly-related inequalities TC1
(5.28) state that if customeris visited before customer on the same route on one day,
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li = (Sa +Sjg +tij +tji)/2

Day a i [ )

Day 8 ——| Ll i
lj = (Sa +Sjg +tij +1ji) /2
0 1 2 3 time

Figure 5.3 Time consistency-related inequalities (TC1).

then it is infeasible to assign customgbefore customer on the same route on an an-
other day if the arrival time consistency constraint wowd/mlated. The reasoning behind
these inequalities is illustrated in Figure 5.3. The attivae difference at customef(l;) is
sjg +tji plus the departure time from the depet ; the arrival time difference at customer
j (1) is sq +tjj —aoge. In an optimal solutior; is equal tolj; otherwise, the maximum
arrival time difference could be reduced by leveling thevatitime differences at the two
customers. Sa;jg +tji +a0q = Sig +tij — @q. This leads t@oy = (Sa — Sjg +tij —tji)/2
and, therefore, t§ = |j = (Sq + Sjg +tij +1ji) /2.

Xijsa +Xjiyg <1 V(i,]) GAg (Sa +Sjp+tij +tji)/2>L,a,peD,d,yc K. (5.28)

Time consistency-related inequalities 2 (TC2) Time consistency-related inequalities
TC2 (5.29) prevent the assignment of a custohietween two customerandj if i and |
are scheduled one after the other on another day and if tigmassnt ofl would violate the
constraint on the maximum arrival time difference. FigureiBustrates the reasoning: The
arrival time difference at customers l; = agq; the arrival time difference at customgris

lj =ti +tj +Sp —tij —aoa- Again, we setj =1}, i.e., Zgq =tjj +1j +5p —tij. Finally,
we obtainlj = 1j = (tj +tj +sp —tij)/2.

Xijéa +XinB +X|Jy[§ SZ V(|,J>,(|,|),(|,]) GAg : (til +S|ﬁ +t|J _tlj)/2> L7

(5.29)
a,BeD,d,yekK.

IWe consider only two routes on two different daysand 3. Therefore, we can assume that the vehicle
departure time is fixed on dg8 and flexible on dayr.
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lj = (ti +sp+t; —tij)/2
Day o i {1}
Day B [T

li = (ti +sp -+t —tij)/2

0 1 2 3 time

Figure 5.4 Time consistency-related inequalities (TC2).

Algorithm 7 MDLNS

Require: set of efficient solution&
1: for all unprocessed solutions lhdo
2: s= getUnprocessedSolutigh)

forall i € {1,2,3} do

applyLNSs, fi,E)

end for

setProcessed)

7. end for

8: return E

5.3.2 Heuristic approach

Our heuristic approach for approximating the Pareto-fieriiased on the MDLS frame-
work for general multi-objective problems (Tricoire [1J4]For a given solution, MDLS
applies different local search strategies in order to iflenew efficient solutions. Each
objective value in the objective vector is improved by a &lexed search strategy. As men-
tioned above, for the MOGenConVRP, we combine the MDLS fraark with the LNS
algorithm proposed in Chapter 4 (Kovacs et al. [103]). Thsilteng algorithm is referred
to as MDLNS.

Algorithm 7 gives the outline of the MDLNS. Starting with amitial set of efficient so-
lutions E, we iteratively select an unprocessed solution (line 2)@@rfiorm a local search
for each objective function (line 3-5). New efficient sotuts are added t&; processed
solutions are marked in line 6. The algorithm stops as soa@tl @slutions have been pro-
cessed.

SetE is initialized by using the construction heuristics progas Kovacs et al. [103]:
Two solutions are generated by a travel-time oriented k&ayone by ignoring driver con-
sistency and one by restricting driver consistency to onedper customer. One solution
is generated by a time consistency oriented heuristic. Ajiiba three solutions, we keep
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only efficient ones. FunctioapplyLNSs, fi,E), applies the LNS algorithm for a given
number of iterations on solutiopwith the goal of improving objective functiofi. The
LNS was devised for the GenConVRP; it integrates arrivaétoansistency into the objec-
tive function and achieves driver consistency by restrgcthe feasible driver-to-customer
assignments. In the MOGenConVRP, for eaeh{1,2,3}, the objective functiorf; is a
weighted average of the total travel time and the maximuiatime difference; the num-
ber of different drivers per customer is bounded. Thand f3 values are weighted by;
and(1— aj), respectively:

fi=aifi+(1—ai)fs. (5.30)

We seta; = 1+1L when we optimize;, andasz = ﬁ when we optimizez; parameted

UB3 1+
is set to 103 andU B; is an upper bound for the respective objective function. disjective

values off; and f3 are equally important itr = iq; therefore, by usingr; and as, we
T3
perform a lexicographic optimization, respectively. Iriboasesf; is bounded byf2(s) + 1

in order to exclude solutions with larde values. Parameter, is set to(a; + az)/2 when
optimizing f, (a1 and as are calculated as defined above); additionabyis bounded by
fz(S) —1.

Each solution found during the search is checked whetheotoit is dominated by an-
other solution irk; if not, it is added tdE. Solutions that are dominated by the new solution
are removed fronkE. This approach is time consuming; yet, we aim for finding tlkstb
possible approximation of the Pareto-front. Adding salns toE is performed efficiently
by using the data structure illustrated in Table 5.2. Fohdawalue, we maintain a sorted

list that contains all solutions with the respectifgevalue. Sorting solutions in ascending
order of f; will automatically sort the solutions in descending ordief9 This results from
the definition of an efficient solution: a solution can be ioy&d in one objective only by
deteriorating another. In the worst case, the computatime for finding the potential in-
sertion position of a new solutiagincreases logarithmically with the number of solutions
in E with the samef, value. Solutions to the left afand solutions with a smallef value
thans have a chance of dominatirsgsolutions to the right o§ and solutions with a larger
f» value thars might be dominated by.

The data structure relies on the property that N and on the assumption that the do-
main of f, is small. A similar approach for managimgis proposed in Tricoire [174] for
the bi-objective case; a general approach for maintainfinggent solutions for an arbitrary
number of objectives is presented in Habenicht [76] anch&rrexamined in Mostaghim
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(fl, f3) Pairs
1 2 3 4
(189,80) (190,71) (191,44) (192,40)
(178,77) (179,73) (181,70)
(179,55) (180,52) (181,49) (196,19)

—
N

wWN P

Table 5.2 Data structure for managing the set of efficienitsmis.

and Teich [120] and Sun and Steuer [166].

The computation time of the MDLNS can be reduced by appl@pglyLNSs, f,E)
only to a subset oE, by checking only selected solutions for dominance (e gst bound
solutions or current incumbent solutions), and by redutiregnumber of LNS iterations.

5.4 Computational results

Solutions for different test instances are obtained byyapglthe described algorithms. In
this section, we examine the results and analyze the trideetween routing cost and
service consistency. All algorithms are implemented in @#d run on Intel Xeon X5550
computers with 2.67GHz. Mixed integer linear programs, (€&lls toopt(f,¢,¢’)) are
solved by IBM’'s CPLEX 12.5. Approximate solution sets ardamted by merging the
solutions of three independent MDLNS runs (non-efficierlusons are removed). The
LNS algorithm embedded in the MDLNS performs robustly wilgard to solution quality
(Chapter 4, Kovacs et al. [103]); the stochastic variatamesfurther mitigated in the multi-
objective problem: MDLNS explores the solution space esitazty and we check for each
generated solution whether or not it is efficient. The patanseof the LNS are set as
proposed by Kovacs et al. [103].

5.4.1 Data sets

The test instances for the MOGenConVRP are taken from theCG®vViRP (Chapter 4,
Kovacs et al. [103]). The data sets are naiGgg, Co 7, andCyp g, With respect to the service
frequencies that are set to 50%, 70%, and 90%, respectietyice frequency is a measure
for the variation in the demand of the customers. A serviegudency of 100% means that
each customer is visited each day. In this case, we couléaeperfect service consistency
by executing the same routing plan on each day of the plarmangon. With decreasing
service frequency, there is more variation in the demanditainecomes more difficult to
provide consistent service. Each data set consists of 12nioss with 50 to 199 customers
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and a planning horizon of five days. Additionally, we considata seCqma andCsmaile
with 10 and 5 instances, respectively. Sgt 4 contains instances with 10 to 12 customers
that are visited over a planning horizon of three days. II€sgk e, we extend the instances
with ten customers to a planning horizon of five days.

5.4.2 Results for small instances

Experiments on data s€tnq are mainly performed for benchmarking tests. In this sectio
we examine the results to evaluate the efficiency of the siobjective optimizer. Further-
more, we compare the 2D method and the 3D method, and evaheferformance (i.e.,
solution quality and computation time) of the MDLNS.

Evaluating the single objective optimizer

In Section 5.3.1, we proposed several valid inequalitieste single-objective model. The
efficiency of these inequalities is tested by optimizingyathle total travel time {;) of the
instances itCsmg and by bounding the maximum number of different drivers pstamer
(f2) and the maximum arrival time differencé&s). Each instance is run with three different
driver consistency configurationgfax < Z, Z € {1,2,3}) and four different arrival time
consistency configuration$nfax < I ming jcpo{tij}, | € {0,1,2,3}). The total number of
test instances is 120, i.e., ten instances tifBes4) configurations.

In Table 5.3, we present the results for different combaretiof valid inequalities. The
first column gives the configuration of the optimizer. Confagion “Plain” refers to the
model specified by inequalities (5.5) - (5.18). The remamiows refer to the plain model
extended by the respective inequaliti€dB are symmetry breaking inequalitieST2 and
ST3 are subtour elimination inequalities wit§ = 2 and|S§ = 3, respectively,T C1 and
TC2 are time consistency-related inequaliti€€; are capacity cuts, and “All” means that
all inequalities are added to the model. Capacity cuts adeaadnly if there are not more
than 100 combinations of choosing customers out oy (i.e., ("\g) <100) and only for
subsetsSthat require at least two vehicles (i.@ > 1). The second column gives the
number of instances that were solved to proven optimalitiiiwi24 hours. The remaining
columns show the best, average, and worst speed up thatisetbtcompared to the plain
model. The speed up values are averaged over the 83 instiduategere solved by each
configuration.

Each configuration is helpful in increasing the number ofanses solved. However,
the computation time might increase by 12753% (from 82.¢bsés to 10636.6 seconds)
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Speed up (%)

Configuration | Solved| Best | Average Worst
Plain 95 - - -
TC2+SB 96| 99.86| -587.74| -12753.53
ST2 96| 99.81| -34.75| -3430.45
TC1 971 99.69| -63.55| -2971.62
ST3 97 99.09 14.46| -808.43
TC2+SB+ST3 98| 99.87| -448.31| -12425.50
CcC 99 99.38 -3.95| -2283.39
All 101| 99.96| -515.24| -14582.65
TC2+ST3 103| 98.97| -129.24| -3164.06
SB 103| 99.89| -120.06| -3845.46
TC2 104 | 98.15| -231.78| -5785.63
SB+ST3 104|99.90| 18.71| -793.68

Table 5.3 Efficiency of valid inequalities for the singlejettive problem on 120 test in-
stances irtCsma. The configurations of the optimizer are sorted in ascendndgr of the
number of instances solved within 24 hours.

in the worst case (see configuration TC2+SB). Even thougfigimation TC2+SB per-

forms poorly, configurations TC2 and SB achieve good resdfmrately. This indicates
that combining different inequalities might deteriordte performance significantly. The
most efficient configuration is SB+ST3: we can solve 104 o2t instances with an av-
erage speed up of more than 18%. This configuration is usdwilexicographic optimizer
opt(f,e,&’).

Comparing the 2D method and the 3D method

In the MOGenConVRP, we assume that the number of vehiclestigestrictive. This as-
sumption is necessary for achieving the highest consigtenel for any problem instance:
in the extreme case, we could assign each customer to orex dxglusively that visits the
customer at exactly the same time of the day. However, in swstions only a small frac-
tion of the fleet is active; several customers are cons@dlan each route in order to reduce
travel cost. We define a reasonable fleet size by generatwlgtios withlnax= 0, Zmax= 1,
and a total travel time that is not worse than 1.2 times thenagdtravel time. The fleet size
is set to the number of vehicles used in the obtained solutidre computation time of
opt(f,&,¢&’) is significantly reduced by this preprocessing approactveier, it might pre-
vent us from finding optimal solutions. Figure 5.5 illusestan example: Four customers
require service over several periods. The demand is canstan the entire planning pe-
riod, i.e., repeating the same routing plan each day resujpgrfect service consistency.
Customers 1 and 2 have a demand ef & and customers 3 and 4 have a demand;of
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Figure 5.5 Preprocessing approach might prevent findingnaptsolutions. The demand
(q) is given for each customed; is a small numbek 0.5. Each vehicle has a capacity of
one unit.

d is a small number & & < 0.5. The vehicle capacity is one. The travel times are given
next to the edges. The figure at the left shows a solution withwvehicles (i.e., 0-1-3-0
and 0-2-4-0); the figure at the right shows a solution witle¢wehicles (i.e., 0-1-0, 0-2-0,
and 0-3-4-0). For each > 0, the solution with two vehicles has longer travel time pay d
(2a+ 2b+ 2v/a2+b2) than the solution with three vehiclesa(4 2b). In Table 5.4, we
compare the 2D method to the 3D method on dat&ggl;. The second column gives the
computation time in minutes for the preprocessing ph@gt),,(min). The third column
shows the resulting decrease in the fleet g§Ze The fourth column is the number of points
on the Pareto-frontP|. For both solution approaches, we report the number of talise
lexicographic optimizeopt(f, €,¢’) and the total computation time in minut&€RU(min).
The last column shows the improvement in the computatioa tifithe 3D method over the
2D method.

On average, the preprocessing phase described above se¢tadkeet size by 73.5% in
one minute. The size of the model is significantly influencgdh® number of vehicles;
yet, our approach might generate solutions that are notnaptivith regard to travel cost.
In the 2D method, the lexicographic optimizer is called oB/5 times on average (the
average number of points on the Pareto-front is 20.1). Thengihod requires 24.7 calls;
nevertheless, the 3D method is 5.6% faster on average. Tpeahlems are smaller in the
3D method and, therefore, each call is executed more quickie advantage of the 3D
method seems to increase with the number of customers: timee2bod is 5.44% slower on
average than the 2D method with 10 customers (first five iosgrbut 16.65% faster with
12 customers (last five instances).



132 The multi-objective generalized consistent vehicle mogipproblem

2D method 3D method
Instances CPUpp(min) | Impk (%) | |P| callsopt() | CPU(min) | callsopt() | CPU(min) | Impcpu(%)
convrp_10_test_1.vrp 0.01 70 16 17 5.63 19 541 3.87
convrp_10_test_2.vrp 0.09 80 20 20 7.86 24 8.39 -6.72
convrp_10_test_3.vrp 0.10 70 10 10 19.64 11 21.76 -10.80
convrp_10_test_4.vrp 0.23 70 10 11 51.83 13 54.32 -4.81
convrp_10_test_5.vrp 0.02 70 18 20 19.75 22 21.48 -8.76
convrp_12_test_1.vrp 5.90 75 21 21 224.73 26 260.82 -16.06
convrp_12_test_2.vrp 0.07 75 25 25 265.35 32 178.11 32.88
convrp_12_test_3.vrp 3.69 75 34 34| 1900.50 45 1266.44 33.36
convrp_12_test_4.vrp 0.46 75 26 26 953.66 31 679.51 28.75
convrp_12_test_5.vrp 0.02 75 21 21 50.43 24 48.25 4.33
Average 1.06 73.50| 20.10 20.50 349.94 24.70 254.45 5.60

Table 5.4 Comparison of 2D method and 3D method on dat@sggl.

Evaluating the performance of the MDLNS

The performance of multi-objective optimizers is definedhmy quality of the generated set
of solutions and the required computation time. With a frabjective, the quality of an
optimizer is proportional to the achieved objective valthe lower the objective value (in
minimization problems), the better the algorithm. Howeuemulti-objective optimization,
we need to evaluate sets of objective vectors. Zitzler ill] list three features of high
quality multi-objective optimizers: the distance betw&ghroxandP is small, the points in
Papprox are distributed evenly, and the range of each objectivesv@le., for each objective
function, the difference between the best and worst objeetilue inPapprox respectively)
is large. Unary quality measurements assign each apprérmset a single value that re-
flects a certain quality feature (Zitzler et al. [193]). Tgglly, heuristics are evaluated by
several quality measurements. (Binary quality measur&ressign a value to each pair
of approximation sets and are used for comparing heuribfigzairs.) Papers that exam-
ine quantitative approaches for evaluating multi-objectoptimizers are presented, e.g.,
by Knowles and Corne [99], Sarker and Coello Coello [148) Veldhuizen and Lamont
[176], and Zitzler et al. [193].

We evaluate the quality of the MDLNS by applying five unary lgyaneasurements.
Each measurement has drawbacks that prevent us from ussihié only quality measure-
ment. A meaningful evaluation of the algorithm is possibtdyadf all measurements are
considered at the same time.

Number of points on the Pareto-front Providing more efficient solutions means giving
the decision maker more choices (Schott [154], Van Velddwid77]). The cardinality
of the Pareto-front|Papprox) gives the number of alternative solutions generated by the
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algorithm. However, this measurement ignores the quafityh@ approximation: a single
solution might dominate the entire approximation set. Addally, decision makers might
be overwhelmed by an (unnecessarily) large number of solsiti

Error ratio  The error ratio ER) (Van Veldhuizen [177]) gives the share of points in
Papproxthat are not irP:

_ z PEPapprox €p

ER= (5.31)

|Papprox
For each poinp € Papprox €pis 0 if pc Pand 1, otherwise. LowdERvalues indicate better
approximations; yet, the value may be misleading. Consfdeexample, two approxima-
tion sets: one with a single solution thatad® and one that contains many alternative solu-
tionse P and one solutiog P. The first set has aBRvalue of zero and would, therefore,
be preferred to the second set WiER > 0.

Generational distance The generational distanc€D) gives the distance betwe®%y prox
andP (Rudolph [146], Van Veldhuizen [177], Van Veldhuizen andiant [178, 179]):

z Pa rox d 2
GD = Y SPTepeor P, (5.32)

|Pappro>4 ,

dp is the Euclidean distance from a pomto the closest poirg € P

(dp = mingepy/(P—a)(p—q)). A generational distance of zero indicates that all points
in Papprox are also inP; the largerGD, the larger the distance between the approximation
set and the optimal Pareto-front. Similar to the error taB® may favor algorithms that
generate one solution P over algorithms that find many solutioasP but also solutions

¢ P.

Unary e-indicator The unaryes-indicator (¢) defines by how much an approximation set
is worse then the optimal set with regard to all objectivections (Zitzler et al. [193]):
le =max min max E. (5.33)
geP pePapproxie{1,2,3} G
For each poinp € Papproxand each poing € P, we havep; <l.q Vi={1,...,[p|};le=1
indicates that all points iffapprox are also inP. The g-indicator is a worst case quality

measurement; so, the quality evaluation might be based imgle oor solution irPapprox
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f1 r

1)

Figure 5.6 Example for the hypervolume in the two-dimenaimbjective space (i.e., hy-
perarea).

Hypervolume Hypervolume HV) is the size of the bounded objective space that is dom-
inated by a set of solutior®

HV = {| Jcp/p € P}. (5.34)
p

Each pointp € P covers a space, wherecy, is the volume of the cuboid that is defined by
p and a reference poimt(r; > pi vV p € Pi = {1,...,|p|}). An example of a hypervolume
in the two-dimensional objective space is given in Figu& f andq are elements oP,

r is a reference point, anch, andcy are areas dominated lyand g, respectively. The
union ofcp andcg is the hyperarea. ThdV measurement is sensitive to the choice of the
reference point as it may affect the quality evaluation (Kles and Corne [99]). For easier
comparability, we report the gap between the of the optimal seP (HVp) and theHV
value of the approximation s€%pprox (HVp,,p00):

100(HVe — HVp, o)

GapHV =
ap HVp

(5.35)

ComputingHV in a three-dimensional objective space is nontrivial. Welhapersion
1.3 of the recursive, dimension-sweep algorithm for conmguthe hypervolume proposed
and implemented by Fonseca et al. [62, 64].

In Table 5.5 and Table 5.6, we evaluate the quality of the MBldw data setSgmgand
Csmalle, respectively. Solution sets are aggregated over three fitlre second column gives
the number of points iR. The remaining columns show the five unary quality indicafor
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Opt. 3% 10% iterations 4% 10" iterations 5% 10% iterations
Instanceg [P | |P] |[ER |GD |I¢ GapHV| [Pl |[ER |[GD |I¢ GapHV | [Pl |ER |[GD |, GapHV
c 101 16 16| 0.063| 0.006| 1.001| 0.000( 16| 0.125| 0.006| 1.001| 0.000| 17| 0.118|0.006| 1.001 0.000
c_10_2 20 19| 0.105| 0.000| 1.004 0.000 18| 0.111| 0.000| 1.005 0.000 18| 0.111{ 0.000| 1.005 0.000
c_10_3 10 11| 0.182| 0.092| 1.008 0.001 11| 0.182| 0.092| 1.008 0.001 11| 0.182| 0.092| 1.008 0.001
c_10_4 10 13| 0.538| 0.240| 1.024 2.073 12| 0.500| 0.260| 1.024 2.073 13| 0.538( 0.240| 1.024 2.073
c_10_5 17 19| 0.421| 0.146]| 1.012 0.537 20| 0.450| 0.131] 1.025 0.613 19| 0.421| 0.137| 1.025 0.788
c 12 1 21 26| 0.308| 0.387| 1.076 0.280| 25| 0.320| 0.392| 1.076 0.445| 29| 0.414| 0.377| 1.049 0.298
c 12 2 25 28 0.429| 0.170| 1.062 1.093| 29| 0.414| 0.194| 1.052 1.586| 26| 0.385| 0.162| 1.052 1.001
c 12 .3 34 33| 0.061| 0.054| 1.027| 0.002| 34| 0.088| 0.052|1.027| 0.002|| 33| 0.091|0.054| 1.027 0.002
c 12 4 26 28(0.179| 0.040| 1.009 0.142 27| 0.111| 0.039]| 1.007 0.006( 26| 0.115|0.002| 1.007 0.001
c_12.5 21 20| 0.250| 0.132| 1.027 0.367 19| 0.105| 0.118] 1.021 0.044| 20| 0.200|0.127| 1.021 0.071
Average | 20.0|| 21.3| 0.253| 0.127| 1.025 0.449| 21.1| 0.241| 0.128| 1.025 0.477| 21.2| 0.257| 0.120| 1.022 0.424

Table 5.5 Quality evaluation of the MDLNS on data €gt.4; the names of the instances
are abbreviated.

Opt. 3x10% iterations 4% 10" iterations 5% 10% iterations

Instanceq [P|] [ |P] |[ER [GD |lI¢ GapHV | [Pl |[ER [GD |I¢ GapHV || |[P] |[ER |GD |I; GapHV
cN_10_ 1| 44 46| 0.413| 0.241| 1.086 1.441 54| 0.481| 0.308| 1.069 1.287|| 44 0.386| 0.196| 1.086 1.721
cN_10_2| 35 38| 0.395| 0.105| 1.165 0.189| 37| 0.459| 0.194| 1.133 0.623| 35| 0.429|0.123| 1.155 0.556
cN_10_3| 28 31| 0.290| 0.361| 1.089| 0.865| 27| 0.185| 0.265| 1.089| 0.365|| 26| 0.154|0.162| 1.079| 0.252
cN_10 4| 37 35(0.114| 0.165| 1.071 0.180| 39| 0.282| 0.227| 1.046 0.101| 42| 0.429|0.166| 1.072 0.511
cN_10_5| 37 46 | 0.543| 0.164| 1.035 0.926| 48| 0.583| 0.180| 1.057 1.603|| 46| 0.565| 0.185| 1.068 0.934
Average | 36.2|| 39.2| 0.351| 0.207| 1.089 0.720| 41.0| 0.398| 0.235| 1.079 0.796| 38.6| 0.393| 0.167| 1.092 0.795

Table 5.6 Quality evaluation of the MDLNS on data 6gt,qig; the names of the instances
are abbreviated.

the MDLNS with 30, 40, and 50 thousand iterations per LNS ithre number of iterations
seems to have a low influence on the solution quality. Sftiom different solutions, the
MDLNS explores the solution space by optimizing severakotiye functions. Therefore,
the algorithm performs robustly regardless of the chosearpeters. In both data sets, each
MDLNS configuration provides at least as many points on @yers there are points on
the Pareto-front. I'€smq, ON average, 24.1% to 25.7% of the solutions are not elenfent o
P; in Csmalle the averag& Rvalue is between 35.1% and 39.8%. The average generational
distance is between 0.120 and 0.12&p,5 and between 0.167 and 0.2350gm 4. The
average unarg-indicator shows that the approximation set is between 228®.5% worse
than the optimal set i€smg and less than 9.2% worse @ymae. The GapHYV indicator
shows that the MDLNS provides approximation sets that, @nege, have only 0.424% to
0.477% smaller hypervolumes th&hin Cgmg and between 0.720% and 0.796% smaller
hypervolumes irCymge. For each instance, the reference point for computing tipehy
volume is(ry,r2,r3) wherer is the longest total travel time; is the maximum number of
drivers per customer, and is the maximum arrival time difference among all solutioms i
the examined approximation sets. Given these results, weaaclude that the quality of
the MDLNS approach is satisfactory for performing a meafuhgade-off analysis.
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MDLNS
3D method| 30k | 40k | 50k
5.41|0.61| 0.86| 1.09
8.39| 1.07| 1.42| 1.65
21.76| 0.59| 0.80| 0.98
54.32| 0.65| 0.82| 1.03
21.48|1.13|1.47| 1.75
260.82| 1.50| 2.11| 2.62
178.11| 2.29| 3.29| 3.30
1266.44| 2.00| 2.77 | 3.29
convrp_12 test 4 679.51| 1.82| 2.26| 2.70
convrp_12 test f§ 48.25|1.08| 1.42| 1.69
Average 254.45| 1.27| 1.72| 2.01

convrp_10_test ]
convrp_10_test_2
convrp_10_test 1
convrp_10_test 4
convrp_10_test %
convrp_12 test ]
convrp_12 test 2
convrp_12 test 1

=010t Ic+

Table 5.7 Runtime evaluation of the MDLNS on dataGgt,. The reported average com-
putation time is given in minutes per run.

MDLNS

3D method| 30k | 40k | 50k
convrpNew_10_1 § 836.47| 3.56| 5.63| 5.76
convrpNew_10 2 % 3953.57| 3.21| 3.99| 6.73
convrpNew_10 3 % 2434.82| 2.44| 3.05| 3.62
045
055

convrpNew_1 1540.03| 2.80| 4.32| 5.34
convrpNew_1 427.33| 5.17| 5.18| 6.86
Average 1838.44| 3.43| 4.43| 5.66

GG

Table 5.8 Runtime evaluation of the MDLNS on dataGgt,e. The 3D method is run on
eight threads; the reported time is the wall-clock time imatés per run.

The computation time of the MDLNS is examined in Table 5.7data seCsmng and in
Table 5.8 for data s€lsmaie. AS areference point, we report the computation time of the 3
method in the second column; the remaining columns showwtbieage computation time
for the MDLNS with 30, 40, and 50 thousand iterations per LN, respectively. On data
setCsmall (Table 5.7), the MDLNS requires not more than 2.01 minutes\v@rage. This
result is noticeable when compared to the 3D method thainegymore than four hours.
For solving the instances Byma e (Table 5.8), we run the 3D method in parallel on eight
threads; the reported time is the wall-clock time. MDLNSgswm a single thread. The 3D
method requires more than 30 hours while MDLNS providesltebetween 3.34 and 5.66
minutes on average. This result indicates that applyingtes@ution approaches in practice
is unrealistic.
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5.4.3 Results for large instances (data se 5, Co.7, and Cp g)

The trade-off analysis between total travel time, driversistency, and arrival time consis-
tency is performed on data s€lgs, Co.7, andCop 9. The results are obtained by applying the
MDLNS with 40 thousand iterations per LNS run. Solution sets aggregated over three
runs. An example of the output of the algorithm is shown ateffteof Figure 5.7. The hor-
izontal axis of the diagram shows the maximum arrival tinfeedence and the vertical axis
shows the total travel time. The maximum number of driversgpstomer is distinguished
by colors; eachf, value is associated with a different color.

Each pointp with a lower pz value than M1 maxcp{ p3} is excluded from the approx-
imation set. In instance Christofides 4 5 0.7, for example, the tréne increases by
332% in the solution withf3 = 0 compared to the solution with the second bigstalue.
Solutions with very smalf3 values and very largé values would distort the analysis and
are, therefore, treated as outliers. We think this appreachd also be justified from a man-
agerial perspective, because aiming for perfect arriva ttonsistency is unreasonable.

The magnitude of the objective values varies instanceabtance. In order to make
general statements, we transform the Pareto-ffanto an improvement front that shows
the percentage improvement in one objective as a functiadheopercentage improvement
in another objective:

N _ _
PPy =P Pypepy (5.36)

1 P3

T={(a,b,c):a=

Each point on the Pareto-front is transformed into a tripld, c): a andc are the improve-
ments inf; and f3, respectively, compared to the Nadir-pofpt', p§) (p) = maxoep{p1}
and pg = maxpep{ p3}); b is the number of drivers per customer in the respective isoiut
The right figure in Figure 5.7 shows the improvement fronbagged with the Pareto-front
at the left. By putting the absolute values into perspectivecan aggregate several results
in order to conduct a meaningful analysis.

Cost of arrival time consistency

The correlation between total travel time and maximum afrivme difference is unclear
when examining single results. For example, in the figur@ateft of Figure 5.8, we see
a partly convex relationship, i.e., we have to give up muekettime in order to improve

2Each point on the Pareto-froRtrepresents a solutions in the set of efficient solutiBnse., for each
point p = (p1, P2, P3), there exists a solutiogc E such thatp = f(s).



138 The multi-objective generalized consistent vehicle mogipproblem

Trade—off Christofides_8_5_0.5
Pareto-front Christofides_8_5_0.5 30~ .

4400 e 1 driver

o 1 driver ® 2drivers
® 2drivers 3 drivers
° i e
42001 3 drivers 25 € o L Epp—"
°
(]
1 3 R 9 ° o o
4000 o 2 -
£ : :
s e L L S
@ - % [§ s LX™
Easool % % e = 0 .. P
g R Y 5 15 %
__: ton . < oo L %
5 3600 © oo 5 “
* o £ L] %
o, s, s 10 IR R
3a00| S LI e e0oes o o s g
L ) E L}
° o °
3200 ... €20 ° ®
e e ° )
IPS

3000
10

I I I I I i 0 | | | | | i i i
20 30 40 50 60 70 0 10 20 30 40 50 60 70 80 90
Maximum arrival time difference Improvement in maximum arrival time difference (%)

Figure 5.7 Example of a Pareto-front and the associatecowepnent front.

arrival time consistency a little. In the figure at the rigthte maximum arrival time dif-
ference seems to improve gradually with increasing trawe.t We examine the trade-off
that is to be expected by aggregating the results of sevestances as follows: The hull of
the f; — f3 projection of the improvement front is defined by a set of Begments that are
parallel to thefz-axis and bound the improvementinfrom above. Lefl fi-fs denote the
subset off that contains only points that are non-dominated infthe f3 plane. The points
in T -3 are sorted in ascending order of the improvemenfs;ithe line segment between
each pair of neighboring solutiorig', p'*1) is defined by the improvement ify of point
p'+1. By quantizing the improvement ify and averaging the hull over several instances,
we can aggregate the results of several instances and elibercorrelation between the
maximum arrival time difference and the total travel timattls to be expected. An exam-
ple of a quantized hull is given at the left of Figure 5.9; therage improvement curve for
data sets with different service frequency is given at tgbtri

By ignoring driver consistency, we obtain a relaxed improeat curve between cost
and arrival time consistency. For examining a strict sdenare use the same principle as
above but the hull is defined only for points{ifi | f, = 1}. An example of this hull is given
at the right of Figure 5.10; the left figure shows the averagarovement curves for differ-
ent service frequencies whdp = 1. The findings are summarized in Table 5.9 and 5.10.
The tables show by how much the total travel time increasegeaoed to the solution with
minimal travel cost when the maximum arrival time differens decreased in the relaxed
scenario and in the strict scenario, respectively. Thedoktmn is the improvement iifax;
columns 2—4 are the percentage increase in the total tiene|(T T) for data set€g 5, Co.7,
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Figure 5.8 Partly convex relationship between travel time @rrival time consistency at the
left and stepwise relationship at the right.

Increase it T (%)

IMplmax (%) | Cos | Coz | Cog | Average
10 0.09| 0.08| 0.14 0.10
30 0.53| 0.55| 0.39 0.49
50 186 1.77| 111 1.58
70 5.09| 3.99| 2.46 3.84
90 17.92| 21.42|11.86| 17.07

Table 5.9 Cost of arrival time consistency in percent whévediconsistency is ignored for
data sets with 50%, 70%, and 90% service frequency (i.ea, s, 5, Cp 7, andCop g).

andCo g, respectively. The last column gives the average increadeei travel time. The
results are similar in both tables: we can improve arrivaleticonsistency by 50% at the
cost of increasing travel time by less than 1.58%, on aver&gereasindmax by 70% is
achieved at 3.84% higher cost when driver consistency wreghand at 2.43% higher cost
when driver consistency is optimal. Decreaslpgx further significantly increases travel
time: the travel time increases by 17.07% in the relaxedao@and by 14.81% in the strict
scenario.

Cost of driver consistency

We can use the hull of the improvement front for examiningdbst of driver consistency.
In Table 5.11, we compare the relaxed scenario to the stirtagio. For each data set and
for different levels of arrival time consistency, we give thverage increase in travel time in
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Figure 5.9 Hull of instance Christofides_9 5 0.7 when droansistency is ignored (i.e.,
in the relaxed scenario) at the left and the average impremenurves for different service
frequencies at the right.

Increase it T (%)

IMplmax(%) | Cos | Coz| Cog | Average
10 0.02| 0.00| 0.01 0.01
30 0.06| 0.04| 0.02 0.04
50 0.72| 0.38| 0.03 0.38
70 3.97| 2.24| 1.07 2.43
90 15.73| 18.27| 10.42| 14.81

Table 5.10 Cost of arrival time consistency in percent wheved consistency is fixed to
one driver per customer for data sets with 50%, 70%, and 90%csdrequency (i.e., data

setsCo 5, Co.7, andCy.g).

the strict scenariozf,ax= 1) and in the relaxed scenaripy < ), respectively, compared

to the solution with minimal travel time (i.e., the solutithrat ignores arrival time and driver
consistency). Column Diff gives the difference betweendtet scenario and the relaxed
scenario. The comparison shows the cost of perfect drivesistency for different levels of

arrival time consistency.

The larger the maximum arrival time difference, the higherdost of driver consistency:
the average increase in travel time caused by servicing easomer by a single driver
is 4.61%, 3.88%, and 2.08% for data s€ts;, Co.7, andCqp g, respectively, whemmay is
improved by 10%. At the highest level of arrival time consisty (improving max by 90%),
the increase in travel time decreases to 2.49%, 0.81%, a1@0inCy s, Cy7, andCqp g,
respectively. This result suggests that arrival time cgiesicy and driver consistency can be
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Figure 5.10 Hull of instance Christofides_9 5 0.7 whenatroonsistency is fixed to one
driver per customer (i.e., in the strict scenario) at thé defd the average improvement
curves for different service frequencies at the right.

Increase inT T (%)

Cos Coz Co.9
IMP Imax (%) | Zmax=1 Zmax< o Diff | Zmax=1 Zmax<® Diff | Znax=1 Zmax< o Diff
10 4.70 0.09 461 3.96 0.08 3.8 2.22 0.14 2.08
30 4.74 0.53 4.20] 3.99 0.55 344 2.23 0.39 1.84
50 5.40 1.86 355 434 1.77 257 2.24 1.11 1.13
70 8.65 5.09 3.56] 6.20 3.99 2.21 3.28 2.46 0.83
90 20.41 17.92 249 22.22 21.42 0.81 12.63 11.86 0.77

Table 5.11 Cost of arrival time consistency in percent wheved consistency is fixed to
one driver per customer compared to solutions in which daeasistency is ignored s,
Co.7, andCy g are data sets with 50%, 70%, and 90% service frequency.

optimized simultaneously.
The cost of driver consistency is further examined by defjranvariant of the unary

g-indicator (see Section 5.4.2):

1XQ = x-quantilemin max B (5.37)

qepztl  peP?ie{13} Gi

SetsP% andP4*1 are subsets of the Pareto-front that contain only points pit= Z and
p2 = Z+ 1, respectively. The modifieg-indicator gives the value for whick% of the
solutions become less thaﬁ? times worse ifzmaxis reduced fronZ + 1 toZ.

Figures 5.11, 5.12, and 5.13 show the aveﬂé&e/alues forx = 25%, 50%, and 75%,
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Figure 5.11 First quartile of the average increase in casinfiproving driver consistency.
A value oflg'25Q = 1 indicates that the solutions are not deteriorating whemtximum
number of different drivers per customer is reduced. Resu# given for different levels of
driver consistency and different service frequencies.

respectively. In each figure, we show by how much the solstawteriorate for differerd
values and for different service frequencies (i.e., foadatsCy 5, Co 7, andCy o).

The pattern in all figures is similar: The solutions deteiermost if the number of
drivers per customer is reduced from two drivers to one driviéhe difference between
solutions is minor wheZ > 1; in this case, the solutions do not deteriorate by more than
0.9%. The effect of driver consistency decreases with asirg service frequency, i.e.,
decreasing fluctuations in the demand. A quarter of the isolsitvithz,ax= 1 in data sets
Cos, Co.7, andCq g deteriorates by less than 3.5%, 2.5%, and 0.9%, respegtogghpared
to solutions withzhax = 2 (Figure 5.11); half of the solutions deteriorate by lessth.1%,
3.7%, and 1.5% in data sefg 5, Cy 7, andCo g, respectively (Figure 5.12). In three quarters
of the solutions, the cost of achieving perfect driver cstesicy increases by less than 6.7%,
5%, and 2.3% in in data se@y 5, Co 7, andCy g, respectively (Figure 5.13).

Effect of strict driver consistency on arrival time consisency

In this section, we examine the effect of enforcing perfenteat consistency on arrival time
consistency when the focus is on travel cost. Many compaaigs in the small package
shipping industry, perform a districting strategy in orttereduce the operational complex-
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Figure 5.12 Median of the average increase in cost for impgpdriver consistency. A value
of IS’5Q =1 indicates that the solutions are not deteriorating whemtlaximum number
of different drivers per customer is reduced. Results arergior different levels of driver
consistency and different service frequencies.

ity (see Section 2.4.2). Here, the service territory isipaned into smaller areas called
districts and each driver is assigned to one district. Ristare designed in a tactical phase
and routes are planned in an operational phase. Typich#yfdcus in both phases is on
travel cost. Each customer experiences perfect driveistemgy but the effect of districting
on arrival time consistency is unclear. The intuition istih& easier to achieve arrival time
consistency for each district separately than for the esirvice territory. An example is
illustrated in the left figure of Figure 5.14: By restrictitige maximum number of different
drivers to one (which is equivalent to assigning each diiwerne district) and optimizing
the total travel time, we implicitly improve arrival time wsistency by 81% compared to
the solution without districting when travel cost is thenpary objective. However, in the
figure at the right, we see the opposite: with districting,hvage a 32% worse arrival time
consistency (and longer travel time), i.e., improving\airtime consistency and reducing
the number of different drivers per customer are conflictbgpctives.

In Table 5.12, we present aggregated results that showfiaet ef strict driver consis-
tency on arrival time consistency. We report the number stiainces in which the arrival
time difference is larger with districting (i.e., with emgis on cost andmnax = 1) than
without (# Worstlhay) and the average improvementljax. (Eachlyax value refers to the
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Figure 5.13 Third quartile of the average increase in casinfigroving driver consistency.
A value oflg'75Q = 1 indicates that the solutions are not deteriorating whemtximum
number of different drivers per customer is reduced. Resu# given for different levels of
driver consistency and different service frequencies.

solution in Papprox With minimal total travel time.) Additionally, we use anethvariant
of the unarye-indicator to measure by how much the districting solutidenoted byp,
is worse compared to solutions in which each customer mayidied with an arbitrary
number of different drivers (denoted B¥="):

Il = min max B (5.38)

qeP?==ic{13} (i

The effect of districting depends primarily on the numbedays in the planning hori-
zon. The planning horizon involves three days in dataCggt and five days in the re-
maining data sets (i.eCsmalie: Co.s, Co.7, andCpg). In Csman, the arrival time difference
increases in 6 out of 10 instances; neverthelpgs,decreases by 13.34% on average; in
terms of thel; indicator, the closest efficient solution without distincf is 1.145 times
better, on average, than the solution with districting. #tadseCgmaiig, |max improves in
each of the five instances due to strict driver consistemeyaterage improvement is 26%.
The solutions are, on average, 4.8% worse compared to aadvithout districting, i.e.,

I; = 1.048. A positive impact of districting on arrival time cortsiscy is observed in the
large instances. The arrival time difference increasesly one out of 36 instances and
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Figure 5.14 Two examples of the effect of districting onaftime consistency when cost
is the primary objective: Districting improves arrival Enconsistency implicitly in the left
figure. In the right figure, arrival time consistency is wovgth districting than without.

Csmall | Csmalle Cos Co.7 Co.g
# Worstlmax 6/10 0/5| 1/12| 0/12| 0/12
Average Implmax (%) | 13.34| 26.02| 37.54| 35.33| 54.25
A 1.145| 1.048| 1.052| 1.049| 1.014

Table 5.12 Effect of strict driver consistency on arrivaiéi consistency when travel cost is
the primary objective. # Worsdf,ax is the number of instances in whithax is larger with
districting than without, Average Impmaxis the average improvementlifjax compared to
the solution with minimal travel time and without distriatj, andl; gives the factor by how
much solutions deteriorate because of districting.

the average improvement is between 35.33% and 54.25%. ®tetdistricting, i.e. |/,
decreases with larger service frequency from 1.052 in adt@yg to 1.014 in data setSy o.

5.5 Summary

Multi-objective optimization is a suitable approach fovestigating the trade-off between
conflicting objectives. In this chapter, we introduced thétirobjective generalized consis-
tent vehicle routing problem (MOGenConVRP); the objecfivections minimize the total
travel cost and improve driver consistency (i.e., the maxinmumber of different drivers
a customer encounters) and arrival time consistency e maximum difference between
the earliest and the latest arrival time). Based on diffevaary quality indicators, we can
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summarize that the proposed multi directional large neagihdod search (MDLNS) is an
eligible algorithm for solving the MOGenConVRP. Comparedite proposed exact solu-
tion approaches, the heuristic provides good approximateis in short amount of time.
MDLNS is specialized in finding the best possible approxiorabf the optimal Pareto-

front: we checked each solution generated during the sgandess whether or not it is
dominated and we apply the LNS for a large number of iteratidine average computation
time on the large instances (data 6gis 23.2 hours (the average number of elemen®® in
is 88.5). Nevertheless, the MDLNS is applicable in the fieildjsct to slight modifications,

e.g., by checking only selected solutions for efficiency bypdeducing the number of LNS
and MDLNS iterations, respectively.

The trade-off between travel time, driver consistency, arrdval time difference de-
pends significantly on the fluctuations in the demand: thestae service frequency, the
more costly it is to achieve service consistency. Adequetels of arrival time consistency
can be provided with modest increase in travel time. Contptréhe minimal cost rout-
ing plan, the maximum arrival time difference can be redune80% at the cost of 1.58%
longer travel time, on average; improving arrival time detency by 70% costs 3.84%.
In many cases, the level of arrival time consistency affduéscost of driver consistency:
Visiting each customer with the same driver when arrivaktioonsistency is improved by
10% increases travel time between 2.08% and 4.61% compatied $olution with minimal
travel time. Achieving perfect driver consistency whggy is decreased by 90% increases
travel time between 0.77% and 2.49%. Perfect driver cagsistis significantly more ex-
pensive than visiting each customer with two different elrsz the routing cost increases by
up to 5.1% in 50% of the solutions; visiting each customeniy trivers instead of three
drivers increases cost by less than 0.9%. A strict drivesisb@ncy, as it is enforced, e.g.,
in districting applications, improves arrival time consiscy as a side benefit. The average
maximum arrival time difference decreases between 35.38%%4.25% as a consequence
of allowing only one driver per customer when travel coshis primary objective.



Chapter 6
Conclusion

The positive impact of customer-first business strategiggofit was recognized in the mar-
keting literature a long time ago. In vehicle routing, thesategies have rarely been studied
compared to the traditional business strategies that focusducing cost. In routing, cus-
tomer satisfaction is improved by providing consistenvger over time. In numerous ap-
plications, customers want to be visited at similar timethefday by a familiar driver (e.g.,
small package shipping, home health care, and deliveriesstaurants). Service consis-
tency was already addressed in the 1970’s; yet, only in stetauple of years have authors
investigated measurements that quantify the consistehewltti-period routing plans. In
this book, we described early approaches that acknowlegiy#&cs consistency as a side
benefit. These approaches have been revisited in recemntatidohs that target service con-
sistency explicitly. We grouped these approaches inteetbagegories: a priori approaches
that derive daily routes from a set of preplanned routestidisig approaches that assign
each customer to a fixed service territory serviced by a sidgler, and approaches that
ignore fluctuations in the demand but accept shortages &edtiories at the customers.

Service consistency can be achieved in three dimensionst, Feducing variations in
the arrival times at the customers. Second, visiting custenm regular time intervals with
similar delivery quantities. Third, visiting customerstiwthe same driver repeatedly (for
consistency from the customer’s point of view) or assigrdngers to the same customers
or regions as often as possible in order to increase theitliaity (for consistency from
the driver’s point of view). We reviewed the relevant litien@ and classified recent papers
according to the considered dimensions of consistency.e&on dimension, we have de-
scribed how the problems have been modeled and solved.

In response to the demand for higher service consisteneygdhsistent vehicle routing
problem (ConVRP) combines traditional vehicle routing stoaints with the requirements
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for service consistency. The problem is motivated by apgibns in the small package ship-
ping industry, in which customer satisfaction can be inseeldby providing driver and time
consistent service. Based on the ConVRP, we proposed thodel wariants and performed
extensive computational experiments.

In the ConVRP, vehicles have to leave the depot at time zarthd first model variant,
we allowed for a delay in the departure times. This realistlaxation mitigated the con-
flict between total travel time and time consistency, i.enjlevtotal cost increases sharply
if the maximum arrival time difference constraint becomesywvtight, this effect can be
almost neutralized by adapting the starting times of théesuSecond, we presented an
extension of the ConVRP that we call the generalized casistehicle routing problem
(GenConVRP). It generalizes the ConVRP by allowing mora thrae driver per customer,
by relaxing the constraint for the maximum arrival time éi#nce, by allowing flexible ve-
hicle departure times, and by incorporating AM/PM time wond for the customers. Third,
we introduced the multi-objective generalized consistehicle routing problem (MOGen-
ConVRP) that extends the GenConVRP; the objective funstimmimize the total travel
cost and improve driver consistency (i.e., the maximum remalp different drivers a cus-
tomer encounters) and arrival time consistency (i.e., tagimum difference between the
earliest and the latest arrival time). Multi-objective iopization proved to be a suitable
approach for investigating the trade-off between configbjectives.

For each ConVRP variant, we devised specialized solutigarghms. The ConVRP
was solved by a solution approach called template-basediaeéarge neighborhood search
(TALNS). It embeds the principle of deriving a multi-day towg plan from a set of template
routes into the adaptive large neighborhood search framkeviExperimental comparisons
with other algorithms proved the competitiveness of the W&Lin terms of solution quality
and computation time. The TALNS provides slightly bettesules than the best competitor
while being about eight times faster. The GenConVRP wasesioby a large neighbor-
hood search (LNS) algorithm. Many solution approachestfer@GonVRP are based on the
template concept. LNS deviates from this principle and gges solutions without using
templates. Experiments on different ConVRP variants skioivat, on average, the non-
template-based LNS performs better than all published#lgos for the ConVRP. For the
MOGenConVRP, we proposed two exact solution approachesmatieuristic. The exact
approaches are based on theonstraint framework. The heuristic is a combination @ th
LNS for the generalized consistent vehicle routing probserd the multi directional local
search framework; we refer to our heuristic as multi dim@ttiarge neighborhood search
(MDLNS). Solving the MOGenConVRP is challenging; thereforve applied the exact so-



149

lution approaches only on small problem instances. Thatgudithe MDLNS is evaluated
by comparing the set of approximate solutions to the seffai@ft solutions. Based on five
multi-objective quality indicators, we showed that the M provides good solution sets
in a short amount of time.

We generated challenging test instances and analyzed tiseaquences of varying em-
phasis on time and driver consistency. The results higtdijimteresting effects on the
trade-off between service consistency and routing cogjh ivels of time consistency can
be provided with small increases in travel cost. A 70% bedteral time consistency is
achieved by increasing travel time by not more than 3.84%wenage. The variation of the
vehicle departure times necessary to improve arrival tiomsistency is modest. In terms of
driver consistency, a one-to-one driver-to-customergassent might be too restrictive for
commercial applications. An important managerial imglmacomes from the observation
that allowing more than one driver per customer can redueediiting cost by up to 6.5%,
on average. However, allowing more than two drivers peratust produces negligible
cost savings. The average cost of visiting each customharansingle driver depends on the
level of arrival time consistency: the larger the maximunivaf time difference, the higher
the average cost of driver consistency, i.e., arrival timesgstency and driver consistency
tend to be non-conflicting. The results also show that drtiwee consistency improves as
a side effect of visiting each customer with a single driwde also found that both, driver
and time consistency, have a small impact on the fleet sie,providing higher consis-
tency requires only a minor increase in the staff size. [Qmsréing AM/PM time windows
decreases cost by up to 14.62% when demand fluctuationsgiraihd emphasis is put on
service consistency. In general, the cost of providing isb@ist customer service depends
on the level at which demand is fluctuating: the stronger tingdhtion, the higher the cost
of providing service consistency.

There are many directions for future research with regardddeling and solving rout-
ing problems in which consistency is important. Servicelitg#s a tool for attracting
and keeping profitable customers. A profitable customermgée®long-term revenues that
exceed the long-term cost of servicing him. Unprofitableé@mers can be turned into prof-
itable ones by either increasing prices or reducing theteffioservicing them (Niraj et al.
[128]). This service-quality-dependent and customeci$igepricing mechanism has not
yet been addressed in the context of consistency in velaaleng. Customer-specific pric-
ing in home delivery services (e.g., drug and grocery dglivis examined, e.g., in Agatz
et al. [1, 2] and Campbell and Savelsbergh [21, 22]. Herey#melor decides which cus-
tomer orders to accept or reject and sets the delivery feeadpded orders in real time in
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order to maximize expected profit. The cost of a delivery depen the customer’s address
and the required (and guaranteed) service time window, |batan the addresses and ser-
vice time windows of already accepted customers. With egaarrival time consistency,
future work could incorporate stochastic travel times ihi@models. The challenge here is
to design robust a priori routes that guarantee stableshtrimes at the customer locations
despite unforeseeable events such as traffic jams. Thefevararticles that apply math-
ematical programming approaches to problems with comgigtgoals. The development
of exact solution approaches would contribute to the ingagbn of how input parameters,
such as emphasis on consistency and demand fluctuatioed, raffiting cost. Another chal-
lenge for future research is trying to prove the optimalityAtgorithm 3 for adjusting the
vehicle departure times or demonstrate a counter-example.
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Abstract

In vehicle routing, customer satisfaction is often a restitonsistent service. Customers
appreciate service at regular times of the day provided bys#tme driver each time. Ad-
ditionally, drivers become more familiar with their taskghey visit the same customers
and service regions repeatedly. In this thesis, we firstesuliterature that addresses ser-
vice consistency in vehicle routing. We present early sotuaipproaches, starting from
the 1970’s, that focus on reducing the operational complersulting from planning and
executing new routes each day. One side benefit of theseagh@®is service consistency;
therefore, many recent solution approaches devised faowng customer satisfaction are
based on previous achievements. We classify the literaitrerding to three consistency
features: arrival time consistency, person-oriented isterscy, and delivery consistency.
For each feature, we survey different modeling conceptsna@asurements, demonstrate
solution approaches, and examine the cost of improvingseoonsistency.

The consistent vehicle routing problem (ConVRP) combinaditional vehicle routing
constraints with the requirements for service consisteBaged on the ConVRP, we intro-
duce three new models in order to examine the trade-off @twgervice consistency and
routing cost. First, we present a relaxed variant of theioaigConVRP where the departure
times from the depot can be delayed to adjust the arrivaltimeustomers. Flexible depar-
ture times considerably improve the solution quality unttlght consistency requirements.
The ConVRP takes customer satisfaction into account bygiaisg one driver to a customer
and by bounding the variation in the arrival times over a gipé&anning horizon. These
requirements may be too restrictive in some applicatiomsour second ConVRP vari-
ant, each customer is visited by a limited number of driveis the variation in the arrival
times is penalized in the objective function. The vehiclpatture times may be adjusted
to obtain stable arrival times. Additionally, customers associated with AM/PM time
windows. The problem is referred to as the generalized Cah{@&enConVRP). Third, we
present the multi-objective GenConVRP (MOGenConVRP) whtiee independent objec-
tive functions: travel cost, arrival time consistency, anigler consistency. Multi-objective
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optimization is a flexible approach for examining the tradfesetween conflicting objective
functions.

For each problem variant, we devise specialized solutigarahms. The most promi-
nent approach for solving routing problems with consisyaransiderations is the template
method. A set of artificial routes (referred to as templatges) is generated in advance
and the pre-planned routes are used as a basis for the daigsroNe present a fast solu-
tion method called template-based adaptive large neidpooor search. Compared to other
template-based heuristics, the developed algorithm islyigompetitive on the available
benchmark instances. Additionally, we present a solutpr@ach that does not use tem-
plate routes to generate routing plans. The new approadcsedon a large neighborhood
search (LNS) that is applied to the entire solution. Arriuale consistency is improved by
a simple 2-opt operator that reverses parts of particuleesd The proposed algorithm per-
forms well on different variants of the ConVRP; it outperfar template-based approaches
in terms of travel cost and time consistency. For the MOGen@P, we embed the LNS
into the multi directional local search framework. Smaltances are solved to optimal-
ity by two algorithms that are based on theonstraint method. Furthermore, we propose
a greedy algorithm for adjusting the vehicle departure siffnem the depot such that the
variation in the arrival times at the customers is minimized

We perform experiments on the benchmark instances for tm/RB and on new in-
stances generated for the generalized problem. Decreaaiiagions in the arrival times, in
order to improve customer satisfaction, is recommendedrioce providers because arrival
time consistency can be improved significantly with modesteases in travel cost and fleet
size. The variation of the vehicle departure times necggeamprove arrival time consis-
tency is minor. The average cost of visiting each customér wiseparate driver depends
on the level of arrival time consistency: The larger the nmaxn arrival time difference the
higher the average cost of driver consistency, i.e., ditilvee consistency and driver consis-
tency tend to be non-conflicting. Remarkable cost saving®¥eabtained by allowing more
than one driver per customer. In general, we can summarget larger the variations in
the customer demands, the higher the cost of service censist



Zusammenfassung

In der Tourenplanung wird Servicekonsistenz oft als Miti@l Steigerung der Kundenzu-
friedenheit eingesetzt. Ein Service, das jeden Tag zuclybei Zeit stattfindet und von einem
bekannten Fahrer durchgefuhrt wird, wird von Kunden hodthatzt. Zusatzlich arbeiten
Fahrer effizienter, wenn sie immer wieder die gleichen Kundeden gleichen Servicezo-
nen besuchen. Diese Dissertation beginnt mit einem Ludiberblick Gber Arbeiten, die
sich mit Servicekonsistenz in der Tourenplanung besdgiftiAusgehend von den 1970ern
prasentieren wir frihe Lésungsansatze, die zum Ziel haleekamplexitat, die durch tag-
liche Neuplanung von Touren entsteht, zu reduzieren. Esitiger Nebeneffekt dieser An-
satze ist, dass sie die Konsistenz von Tourenplanen farders diesem Grund basieren
viele moderne Lésungsansétze fur die Verbesserung deicBkonsistenz auf alteren Ide-
en. Wir klassifizieren Arbeiten anhand von drei Konsisteedmalen: Konsistenz in den
Besuchszeiten, Fahrerkonsistenz und Konsistenz in déerbienge. Fur jedes Merkmal
untersuchen wir unterschiedliche Modellierungskonzgptsentieren Losungsansatze und
ermessen die Kosten, die durch hohere Konsistenz anfallen.

Das Consistent Vehicle Routing Problem (ConVRP) verbingketraditionellen Anfor-
derungen der Tourenplanung mit dem Bedarf nach Serviceteng. Ausgehend von dem
ConVRP prasentieren wir drei neue Modelle, anhand deredeurir Zielkonflikt zwischen
Servicekonsistenz und Fahrtkosten untersuchen. AlsEpsésentieren wir eine gelockerte
Variante des ConVRPs, bei der die Abfahrtszeiten vom Deogewahlt werden dirfen,
um die Ankunftszeiten bei den Kunden anzupassen. Flexibfatktszeiten tragen wesent-
lich zu einer besseren L6sung bei, wenn die Anforderung @zeitliche Konsistenz hoch
ist. Im ConVRP wird Kundenzufriedenheit dadurch erreiclatss ein Kunde von maximal
einem Fahrer besucht wird und die maximale Abweichung zveisaden Besuchszeiten be-
schrankt ist. In unserer zweiten ConVRP-Variante darfrjédende von mehreren Fahrern
besucht werden und die Abweichung in den Besuchszeiteniwidér Zielfunktion péna-
lisiert. Abfahrtszeiten vom Depot sind flexibel, um die kelfite Konsistenz zu verbessern.
Aul3erdem durfen Kunden jeweils nur am Vormittag oder nur amh¥hittag besucht wer-
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den. Diese ConVRP-Variante wird Generalized ConVRP (GeMR#®) genannt. Drittens
prasentieren wir das Multi-Objective GenConVRP (MOGenZiRR) mit drei eigenstandi-

gen Zielfunktionen: Fahrtkosten, zeitliche Konsistend &ahrerkonsistenz. Mehrzielopti-
mierung ist ein eleganter Ansatz, um den Konflikt zwischetersthiedlichen Zielfunktio-

nen zu untersuchen.

Fur jede Problemvariante entwickeln wir spezialisiertg@lthmen. Der bekannteste
Ansatz, um hohe Servicekonsistenz in der Tourenplanungreicken, ist die Schablonen-
Methode. Dabei wird im Vorfeld ein kiinstlicher Tourenplangriert (Schablone genannt)
und die im Voraus geplanten Touren werden als Ausgangspindie taglichen Plane ver-
wendet. Wir prasentieren eine schnelle Schablonen-asiésungsmethode, die Template-
Based Adaptive Large Neighborhood Search (TALNS) genaimdt Wwn Vergleich zu ande-
ren Schablonen-basierten Heuristiken ist unser Algonhéauerst kompetitiv. Zusatzlich
prasentieren wir einen Losungsansatz, der ohne Schabisik®mamt. Der neue Ansatz
basiert auf dem Large Neighborhood Search (LNS), der aufggsamten Tourenplan an-
gewendet wird. Die Konsistenz in den Besuchszeiten wirctld@inen einfachen 2-Opt
Operator verbessert, der Teile von bestimmten Routen urni2ér LNS Algorithmus eig-
net sich gut fur unterschiedliche Varianten des ConVRPd dim LOsungen ubertreffen die
Lésungen von Schablonen-basierten Ansatzen im Bezug autkiéaten und Konsistenz in
den Besuchszeiten. Fiur das MOGenConVRP kombinieren wil8&h Algorithmus mit
dem Multi Directional Local Search Framework. Kleine Testanzen I6sen wir optimal
mit Hilfe von zwei auf dere-Constraint Methode basierenden Ansatzen.

Fur unsere Experimente verwenden wir Benchmark-Instafizedas ConVRP und
neue Instanzen fur das generische Problem. Es ist empssigenKundenzufriedenheit
durch geringe Abweichungen in den Ankunftszeiten zu erhpta die Konsistenz in den
Besuchszeiten bereits mit minimalem Kostenaufwand unammimaler Vergré3erung der
Fahrzeugflotte deutlich verbessert werden kann. Die \fanah den Abfahrtszeiten vom
Depot, die notwendig ist um die zeitliche Konsistenz zu essgern, ist minimal. Die durch-
schnittlichen Kosten, um jeden Kunden mit einem Fahrer @utieen, hangen von der
Konsistenz in den Besuchszeiten ab: Je héher die Abweicimuhgn Besuchszeiten, desto
hoher sind die durchschnittlichen Kosten fur Fahrerkdasis D.h. Fahrerkonsistenz und
zeitliche Konsistenz sind in vielen Fallen konfliktfreieeEunktionen. Die Kosten kdnnen
erheblich gesenkt werden, wenn jeder Kunde von mehr alsrelfehrer besucht werden
darf. Allgemein gilt, dass die Kosten fur Servicekonsigtenit der Schwankung in der tag-
lichen Nachfrage steigen.
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