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In last-mile delivery, on-line retailers deliver goods from local distribution centers to endpoint customers
using a fleet of vehicles. This problem is often related to vehicle routing problems with time windows
(VRPTW ) in the literature. For an on-line retailer in China, it was found that experienced drivers could
often find better routes rather than relying on computerized tools using state-of-the-art algorithms.
Therefore, the focus of this paper is to generate routes based on experience. To do so, we propose a
methodology based on case base reasoning (CBR). The methodology designs new routes to fulfill orders
by retrieving and adapting routes previously performed from a repository named case base. A mechanism
is also developed to maintain good quality routes in the case base. The methodology is first tested on
problem instances generated using a construction heuristic. Other tests are also performed using real data
from an on-line retailer in China. Results show that the CBR methodology designed can effectively gener-
ate routes to solve new problems similar to routes previously performed. A comparison to the BoneRoute
algorithm show that the solutions obtained with CBR are in average 18.4% longer. However, this result

does not take into consideration the time required by the drivers to adapt to a very different route.

© 2020 Elsevier Ltd. All rights reserved.

1. Introduction

Vehicle routing problems (VRPs) consist in finding the opti-
mal set of routes departing from a single depot and visiting a
set of customers dispersed in a geographical area. Vehicle routing
problems with time windows (VRPTWs) are an extension of VRPs
which involve visiting customers within a given time interval and
ensuring that the total demand of all customers in each route re-
spect vehicles’ capacity. This type of problem is encountered on
a daily basis by on-line retailers in the final stage of their distri-
bution networks. Goods are gathered in distribution centers from
where truck drivers begin their route to deliver goods to the final
recipient.

This work is based on a collaboration with one of the largest
on-line retailers in China. During regular operations, the com-
pany assigns a subset of customers to each driver. Then the
drivers have the freedom to decide the order in which they
will visit these customers. To help them in this task, the on-
line retailer provides an in-house computerized tool to drivers.
However, in urban contexts, there are numerous environmental
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conditions that affect the performance of the routes and these are
often difficult to model mathematically. For instance, drivers might
want to avoid roads prone to congestion, unfamiliar roads or city
centers. Other examples also include some traffic lights in pedes-
trian area which make it more difficult to turn than to go straight.
Some narrow streets make it more difficult for delivery vehicles to
maneuver. Thus, even if the computerized tool is based on state-
of-the-art algorithms, drivers can often find better routes thanks
to their experience.

In practice, it means that drivers can find more efficient paths
than the theoretical shortest path. In the literature, Bates et al.
[3] and Ottomanelli and Wong [49] proved that drivers might pre-
fer not to take the shortest path suggested by state-of-the-art-
algorithm. Although the drivers’ experience seems to be an im-
portant factor when designing routes, a recent study by Srivatsa
Srinivas and Gajanand [62] establishes that there is no methodol-
ogy considering it to solve VRPTW.

In this context, this paper aims to develop a methodology that
focuses on the utilization of drivers’ experience. The methodology
is based on case-based reasoning (CBR) which takes its origin from
the field of artificial intelligence. The idea is to store past experi-
ence in the form of "cases” in a database or "case base”. When a
new problem is encountered, the most relevant cases are retrieved
and used to build a solution similar to past experience.
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The rest of this article is organized as follows, related works
are presented in Section 2. Then the description of the problem
studied in this paper is provided in Section 3. The CBR method-
ology is developed in Section 4. In Section 5, the performance
of the methodology is assessed using generated data and data
from an on-line retailer in China. Concluding remarks are given in
Section 6.

2. Related works

In the scientific literature, drivers’ experience is closely related
to drivers’ behavior. Therefore, in the following subsections, latest
works concerning VRPs, drivers’ behavior and CBR are presented.
They are followed by the scientific contribution of our paper.

2.1. VRPs extensions and solution approaches

The origin of VRPs can be traced back to the paper by Dantzig
and Ramser [14]. The problem they described consists in routing
a fleet of vehicles from a bulk terminal to supply a set of ser-
vice stations with different types of products. Due to their wide
range of applications, VRPs quickly attracted a lot of attention. The
books by Toth and Vigo [67], [68] and Golden et al. [27] outline the
milestones in the development of the problem. Numerous variants
have been proposed to adapt VRPs to real life contexts. In a ef-
fort to standardize those variants, Eksioglu et al. [17], Lahyani et al.
[42] and Braekers et al. [6] introduced a taxonomy.

To handle large quantities of data faced in real life, many
heuristic methodologies were put forward to solve VRPs. Tradition-
ally, heuristics have focused on rather specific versions of VRPs.
Among all VRP variants, Gayialis et al. [22] found that VRPTWs are
often selected to model problems related to urban freight. Multi-
ple literature reviews have been released about VRPTWSs such as
the ones from Brdysy and Gendreau [8], [9], Gendreau and Taran-
tilis [23], [2] or Desaulniers et al. [15]. Savelsbergh [58] proved
that the VRPTW was NP-hard for a fixed number of vehicles. To
address instances encountered in practice, many heuristic method-
ologies have been proposed [43]. Among others, Mester and Brdysy
[48] proposed a metaheuristic combining guided local search and
evolution strategies and Hashimoto et al. [29] proposed an iterated
local search based on dynamic programming.

Recent research trends have focused on broadening the scope of
heuristics by encompassing many attributes, often including time
windows. For example, Cordeau and Maischberger [12] combined
iterated local search and tabu search to solve four VRPTWSs. An-
other metaheuristic offering good performance is the unified hy-
brid genetic search metaheuristic proposed by Vidal et al. [70].
Thanks to its component-based structure, this metaheuristic can
efficiently solve a broad range of VRPs, including VRPTWs.

2.2. VRPs related to drivers’ behavior

The VRP extensions that were found to be the most similar to
the problem of finding routes considering drivers’ experience are
summarized in Table 1. One of the first extensions is the courier
delivery problem (CDP) introduced by Sungur et al. [64]. In this
problem, the objective is to service returning customers at roughly
the same time every day. This is done by building a master sched-
ule and adapting the schedule to the daily variations. Time win-
dows and uncertain service times are also considered when solving
the problem.

Another extension, close to the CDP, is the consistent vehicle
routing problem (ConVRP). This extension was first introduced by
Groér et al. [28]. In contrast to the CDP, the ConVRP does not con-
sider time windows and uncertainty in service times, but it ex-
tends the notion of consistency to other aspects as described in
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Kovacs et al. [38]. Time consistency consists in visiting the same
customers at roughly the same time from one day to another. De-
livery consistency consists in delivering roughly the same quantity
every time or keeping time intervals between deliveries constant.
Person consistency ensures that customers are always serviced by
the same drivers, drivers always visit the same customers and
drivers are always assigned to the same geographical region. Feil-
let et al. [18] focused on time consistency and developed the time
classes model to measure the degree of consistency in the time-
consistent vehicle routing problem (TCVRP). Luo et al. [46] consider
driver consistency along with time windows and visiting quotas
in the multi-period vehicle routing problem with time windows
and limited visiting quota (MVRPTW-LVQ). Kovacs et al. [40] stud-
ied the GenConVRP, a generalized version of the ConVRP in which
the number of drivers visiting each customers is limited and vari-
ation in the arrival time is penalized in the objective function.
AM/PM time windows are also enforced. Kovacs et al. [41] con-
sidered both driver and time consistency along with time mini-
mization in a multi objective problem, namely the multi-objective
generalized consistent vehicle routing problem (MOGenConVRP).
Recently, Campelo et al. [10] addressed the ConVRP with service
agreements such as time windows and release dates.

An exact solution approach for the ConVRP is proposed by
Goeke et al. [24]. Heuristic approaches have also been proposed.
Many of them consist in partitioning the customers into two
groups: regular and irregular. A master template containing one
route per vehicle ensures service to all regular customers. The mas-
ter template is then updated to accommodate the daily demand.
This type of approach has been used by Groér et al. [28], Kovacs
et al. [39], Tarantilis et al. [66], among others.

The vehicle routing problem with time windows and driver spe-
cific times (VRPTWDST) considered personalisation of driving time.
This problem is systematically investigated in Schneider [59]. The
author assumes that when drivers are regularly assigned to the
same geographical area, they get accustomed to the area. The fa-
miliarity of drivers to their sector is modeled using a parameter
reducing duration of routes. Each driver has its own set of famil-
iarity parameters for every sector. In the paper by Schneider [59],
a mixed integer programming (MIP) formulation is proposed to
model the problem. It is then solved using a tabu search algorithm.

When it comes to solving methodologies, the concept of adap-
tive memory (AM) developed by Rochat and Taillard [56] can also
be used to build routes considering drivers’ behavior. The idea be-
hind AM is that good solutions to a problem are likely to contain
some components appearing frequently in solutions of lower qual-
ity for the same problem. Thus, AM generates a routing plan by
using components appearing frequently in a pool of previous so-
lutions. The same problem is solved many times and the pool is
updated as better solutions are found. In Rochat and Taillard [56],
the solution components reused are routes. Based on this concept,
Tarantilis and Kiranoudis [65] developed the BoneRoute algorithm
which reuses "bones”, or sequences of consecutive customers, in-
stead of entire routes. This algorithm can successfully solve the
VRP. In Zachariadis et al. [72] the BoneRoute algorithm was up-
graded by storing routes in the pool instead of solutions. A mecha-
nism considering previous usage of the bones was also introduced
to help extend the search domain of the algorithm. This last al-
gorithm can successfully solve the vehicle routing problem with
simultaneous pick-ups and deliveries (VRPSPD).

The problem tackled in this article consists in considering
drivers’ experience when generating routes. Drivers’ experience is
obtained from data collected from historical routes. In this case,
person consistency is desirable in the sense that a driver regu-
larly assigned to the same geographical area will learn more about
his/her region and will produce better routes. Delivery consistency
is also desirable as it will help in reusing previous routes if the
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Table 1
Some combinatorial optimization problems related to drivers’ behavior found in the literature.
Reference Problem addressed Type of methodology Type of instance Largest size Objective
. Template-based record-to-record travel Simulated instances. 1000 C .

Groér et al. [28] ConVRP algorithm heuristic (ConRTR). Real-life data set. 3715 Minimize total travel time.

Sungur et al. [64] CDP Two-phase heuristic involving tabu search.  Real-life data set. 5178 Multi-objective, maximize the
number of customers served,
minimize the number of
vehicles, the total earliness
and lateness.

Kovacs et al. [38] ConVRP Template-based adaptive large Simulated instances. 1000 Minimize total travel time.

neighborhood search heuristic.

Tarantilis et al. ConVRP Tabu search metaheuristic. Simulated instances. 199 Minimize total travel time.

[66]

Feillet et al. [18] TCVRP Large neighborhood search metaheuristic. Simulated instances. 12 Bi-objective, minimize total
travel cost and number of
time classes.

Luo et al. [46] MVRPTW-LVQ Three-stage heuristic involving tabu Simulated instances. 100 Bi-objective, minimize the

search. number of vehicles and total
travel cost.

Kovacs et al. [41] GenConVRP Large neighborhood search metaheuristic. Simulated instances. 199 Bi-objective, minimize the
total travel time and the
maximum arrival time
difference.

Kovacs et al. [40] MOGenConVRP Two exact solution approaches and one Simulated instances. 199 Multi-objective, minimize
multidirectional large neighborhood total travel cost, improving
search metaheuristic. driver consistency and arrival

time consistency.

Schneider [59] VRPTWDST Tabu search metaheuristic. Simulated instances. 100 Bi-objective, minimize travel
distances and working
duration.

Goeke et al. [24] ConVRP Exact resolution methodology and large Simulated instances. 199 Minimize total travel time.

neighborhood search metaheuristic.

Ulmer et al. [69] VRPBDCF Construction heuristic and neighborhood Simulated instances. 120 Bi-objective, minmize routing

search associated with a Cost Function
Approximation (CFA) to favour drivers’

and service costs.

learning in early stages.

same customers order roughly the same amount of goods. How-
ever, these two types of consistency are not a requirement. As for
time consistency, we do not see direct relationship with drivers’
experience as the time of visit of a customer can vary considerably
in historical routes.

As for driver specific travel time, drivers’ experience is based
on the same assumption that drivers’ accustomed to a given ge-
ographical sector will perform better. However, in the VRPTWDST
it is assumed that an experienced driver performs the same path
faster. With drivers’ experience, the assumption is that drivers will
possibly find better paths than those generated by algorithms min-
imizing travel times. These paths are reused to generate better
routes.

The vehicle routing problem with binary driver-customer famil-
iarity (VRPBDCF) is another version of VRPs that considers drivers’
experience [69]. In this problem, a driver acquires experience after
his first visit to a customer. In subsequent passages of the drivers
to the customers he already visited in the past, the service time
is considerably reduced. The methodology developed for this prob-
lem balances the cost of introducing drivers to new customers and
the routing costs in subsequent periods. The idea is to minimize
costs over a longer period to time by allowing a restricted set of
drivers to visit each customer. However, regularity in the roads
taken by the drivers is not specifically taken into account.

Finally, AM provides interesting insights when it comes to
reusing previous solutions. However, the methods based on this
concept are designed to generate a pool of solutions for a specific
problem. In our case, new routing plans are based on historical so-
lutions which usually contain additional customers not included in
the problem. Moreover, algorithms like BoneRoute from Tarantilis
and Kiranoudis [65] or Zachariadis et al. [72] include a step where
local search is performed on the extracted components. This step

is likely to modify the components which is not desirable in our
case.

2.3. Statistical and data models of drivers’ behavior

In the literature, different methods were used to model drivers’
behavior. These models are used to determine the factors influenc-
ing the decisions of the drivers and the choices made. For exam-
ple, Dia [16] used an agent-based approach. Drivers’ characteris-
tics were extracted from a survey analyzing their behavior in the
context of traffic congestion. This information was used to pro-
gram agents representing drivers. It was demonstrated that these
agents can make realistic choices inside a simulation. In another
study, Pahlavani and Delavar [51] used a locally linear neuro-fuzzy
model to predict the routes after learning from the experience of
the drivers. Prospect theory is also a popular choice when it comes
to model the behavior of the drivers (e.g. see Li and Hensher [44]).
Even though these methods provide good results, they require to
conduct surveys among drivers which can be complicated and time
consuming.

Other studies focused on determining the conditions that would
influence drivers’ decisions. Pang et al. [52] extracted the main fac-
tors from surveys and used it to build guidance for a single vehi-
cle. Sadeghi Niaraki and Kim [57] proposed standard information
structures based on computer ontology to facilitate the integration
of these factors into algorithms.

A study realized by Sun et al. [63] confirms that drivers’ de-
cisions are based on more factors than merely travel time and
cost. Among others, they pinpoint the following factors: the ship-
ping and driver’s employment terms, the entity responsible for
toll charges and fuel costs, the shipment content, predictability of
travel time, availability of parking to stop on the way and the avail-
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ability of fuel stations. Sun et al. [63] also add that at the plan-
ning stage, the majority of drivers will use their experience when
choosing their path. Srivatsa Srinivas and Gajanand [62] found that
driving behaviors are related to the congestion settings. Vehicles
that operate in congested areas tend to give more importance to
avoiding congestion and saving cost. Vehicles which operate on
non-congested networks tend to focus more on the type of road
they choose to ensure higher travel speeds. Similar conclusions
were obtained by Feng et al. [19], but the correlation is based on
the size of the trucks. This categorization can be related to the dis-
tribution stages found in the two-echelons problem described by
Perboli et al. [53].

2.4. CBR applications

One of the first CBR algorithm implementation was named
CYRUS. It was proposed by Kolodner [36], [37]. The algorithm
solves problems by seeking and adapting experiences, or cases,
that are stored inside a case base. The algorithm also makes sure
that only high-quality experience is maintained in the case base by
implementing a case base management system. For in-depth expla-
nations about the algorithm the reader can refer to the paper from
Aamodt and Plaza [1] and the book from Richter and Weber [54].

Goel and Diaz-Agudo [26] identified different usages of CBR in
domains such as recommender systems [7], conception and de-
sign [25], education [35], law [55], knowledge discovery and in-
teractive robotics [20,21,31] as well as text recognition [61,71].
Chakraborty and Boral [11] provide a good description of the im-
plementation of a CBR algorithm applied to machine tool selection.

There are also a few attempts to solve combinatorial optimiza-
tion problems. Beddoe et al. [4] used CBR to solve the nurse roster-
ing problem. In their study, the algorithm was used to help health
care managers to modify work schedules of nurses to reduce the
number of constraint violations as much as possible. The cases
they designed contained steps to fix some given types of violation.
Since the cases intend to fix schedule violations one at the time,
the CBR algorithm was implemented along with a memetic algo-
rithm which selects the order in which the violations should be
addressed.

In the field of transportation, Bouhana et al. [5] implemented
CBR along with Choquet integral to generate vehicle guidance for
people displacement in a multi-modal context. It was also used to
design guidance for a road vehicle under different circumstances.
For example, Haigh et al. [30] exploited geographical properties
to retrieve one or multiple routes that were used in the past and
merge them into one final route for the user. McGinty and Smyth
[47] also used CBR for vehicle guidance, but in their case, they de-
veloped a framework allowing one user from a geographical region
to use the case base of similar users from another geographical re-
gion. Then a driver can get a personalized route in a region where
he has never been before. More recently, Sedano et al. [60] devel-
oped a CBR methodology for the purpose of guiding electric vehi-
cles to the nearest charging station.

CBR was also used to solve the more general Traveling salesman
problem (TSP). In their study, Louis and Li [45] used the retrieved
cases to improve the quality of the initial population of a genetic
algorithm. It was shown that the use of CBR led to an increased
performance. Kawabe et al. [34] also obtained solutions for the TSP
in a very short time with only a slight decrease in the quality using
CBR.

2.5. Contribution of this work
When it comes to selecting a path to reach customers, some

studies stress the importance of considering factors other than cost
and time when planning paths for drivers. In the context of VRPs,
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some papers do consider the quality of service by integrating ser-
vice consistency. Other papers consider familiarization of drivers
in geographical zone in which they work frequently. As far as
we know, there is no contribution in the literature that considers
drivers’ experience in the sense of sequence of customers to be fol-
lowed in the context of VRPs. In that sense, the main contributions
of this work are:

1. Development of a methodology based on CBR to maintain high
quality experience to build solutions based on past experience.
According to Cunningham [13], CBR has the capacity to provide
good solutions in situations where features affecting solutions
are difficult to formalize.

2. Formalization and storage of drivers’ experience in a case base.
Similarity criteria and MIP formulation are developed to re-
trieve routes from the case base to ensure an efficient utiliza-
tion of past experience.

3. Illustration of the effectiveness and the efficiency of our ap-
proach using instances generated from a real distribution net-
work, as well as instances with real routes. The feasibility of
applying our approach in the real practice is also analyzed.

3. Problem specification

The problem addressed in this paper is encountered on a daily
basis by an on-line retailer for last-mile delivery, when goods are
being delivered from local transfer stations to endpoint customers.
Each transfer station employs a limited number of drivers. When
they are planning deliveries, logistic managers evaluate the work-
load and assign orders using a computerized tool. The same tool
is also offered to the drivers responsible for delivery. However, ex-
perienced drivers can find paths that are more efficient than those
provided by the computerized tool. Incorporating drivers’ experi-
ence would improve the efficiency of the decision-making process
when designing routes for each driver. Since drivers’ experience
take the form of routes performed previously, the problem consists
in finding the routes that are the most similar to a new problem
instance encountered. Thus, the decision-making process does not
rely on drivers who have different levels of experience.

The concept of similarity used in this work is based on cus-
tomer chains that we define as sequences of consecutive cus-
tomers found in a route. When it comes to considering customer
chains, two characteristics are important, the number of customer
chains and their length. Therefore, to be similar to historical data, a
given solution should contain as many lengthy customer chains as
possible. To consider historical data, we introduce €2, the set con-
taining all customer chains that were performed by the drivers in
the past.

We now present a MIP formulation for the VRPTW with drivers’
experience. Table 2 summarizes the notation used in the formula-
tion. The problem can be modeled using a set partitioning MIP for-
mulation [15]. Let C be the set of all customers requiring service.
F is the set of routes starting at the depot, visiting a subset of C
and ending at the depot. Let €2; be the set of all customer chains
performed historically found in route jeC p; is the cost of using
route j. Let a; represent if customer i is visited in route j and by
be the square value of the number of customers in chain ke ;.
Variable z; indicates whether route i e F is selected by the formula-
tion or not.

The master problem is presented in Eqs. (1) to (4). The solution
consists in finding a subset of routes from F, the set of all feasible
routes, that visit each of the nodes exactly once and which respect
the time windows and the capacity constraints.

maximize sz Z by (1)

JjeF  keQ;

i piil )
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Table 2
Notation used in the MIP formulation of VRPTWs.
Sets
C customers required in the new problem, C = {cy,c;...cq}. indexed by i;
F set of all feasible routes F = {ry,r,...7g}, indexed by j.
Q all customer chains obtained from historical data;
Q; customer chains of variable length in route j in the historical data or in the final solution, indexed by k;
Parameters
a; =1 if customer i is visited in route j; O otherwise;
by the square value of the number of customers in chain k;
pj total cost of route j.

Variables

=1, if route j is selected by the master problem or if the CBR methodology retrieves the route; 0, otherwise.

minimize ) pjz; (2)
jeF
s.t. Za,»jzj =1 Vie C, (3)
jeF
zje{0,1} VjeF. (4)

To consider drivers’ experience, we propose to use a multiobjec-
tive formulation where Eq. (1) maximizes the number of lengthy
historical customer chains in the solution and Eq. (2) minimizes
the total cost incurred in the solution. To account for the length of
customer chains in Eq. (1), parameters b;, are the square values of
the number of customers found in the chain. The square values are
used to increase the emphasis on longer chains which are consid-
ered as more similar. For instance, one chain of four customers is
deemed more similar than two sequences of two customers. The
total cost in the second objective function (2) accounts for three
types of cost:

1. fixed cost for each vehicle used: for this problem, it is consid-
ered that drivers are given a fixed amount for each working
day. Therefore the fixed cost mainly accounts for the salary of
the employees. It also accounts for fixed charges related to ve-
hicles.

. variable cost for distance travelled: this part of the cost ac-
counts for the wear and tear of the vehicles.

. variable cost for waiting time: even if waiting times are allowed
theoretically, employees will often overlook waiting times, re-
sulting in time windows not being respected. Penalizing wait-
ing times reduce these kinds of situation.

Constraints (3) ensure that each customer is visited exactly
once. Constraints (4) define the variable in the master problem.

To generate the routes in F, column generation algorithms were
proposed, for example the reader can refer to Irnich and De-
saulniers [33]. In our case, the constraints considered in the sub-
problem are the time windows and the vehicle capacities, both in
terms of volume and weight.

To simplify the problem, it is common to cluster together indi-
vidual civic addresses that are in close proximity. These clusters are
the nodes in the network. For the rest of the article, we consider
that one customer is one cluster containing many civic addresses.

4. A CBR methodology to solve the VRPTW

Before detailing the methodology proposed for the problem, we
define the following terms. Required customers are the customers
that need to be serviced in the new problem. Retrieved routes are
the routes from the case base that are the most similar to the new
problem. As there might be excess customers in the routes, i.e.

customers that appear more than once in the retrieved routes, we
define selected customers as the customers that will be kept for
the final solution. Similarly to selected customers, selected cus-
tomer chains are customer chains that will be kept for the final
solution. Additional notation for the methodology is also presented
in Table 3.

The core idea of CBR is to store past experience obtained from
historical data and reuse it to design future solutions. For the sug-
gested methodology, the experience stored are routes previously
performed by drivers. Each route is considered as a case stored in
the case base. Given a new VRPTW to solve and a case base, the
final solution consists in a set of routes visiting all required cus-
tomers.

It is interesting to denote the similarity between the set parti-
tioning formulation and the CBR methodology. Both methods con-
sist in selecting some routes among a larger set of routes. How-
ever, in the set partitioning formulation, the routes selected by
the formulation must match exactly the set of required customers
and minimize costs. In the CBR methodology, the routes in the
case base might contain some excess or missing customers and
the time windows are not necessarily respected. Therefore, some
other mechanisms must cope with this. Moreover, the objective of
CBR is to maximize similarity between the retrieved routes and the
new problem. A MIP formulation is used to retrieve routes from
the case base.

The methodology is divided into four main steps also called
the four Re’s. These steps are depicted in Fig. 1. The objective
of the Retrieval step is to find the routes in the case base that
are the most similar to the new problem. In the Reuse step, ex-
cess customers are removed from the retrieved cases. Missing cus-
tomers, i.e. customers that are required in the new problem, but
not present in the retrieved cases are also inserted at this step. The
objective of the Revise step is to adjust the provisional solution to
ensure that capacities are respected. Finally, in the Retain step, the
case base is updated as required.

In the following subsections each step of the methodology is
detailed. Then an application example is presented.

4.1. Retrieval

The Retrieval step consists in retrieving the most similar routes
from the case base. The similarity criterion is based on the number
of customer chains that are both present int the set of required
customers (C) and the set of cases retrieved (Bret).

A MIP formulation is used to retrieve the routes and select
the customers to maximize the similarity. The model is defined in
Egs. (5) to (14).
maximize S = 0151 — 025y + 0353 — 0454

(5)

] 7]
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Table 3
Additional notation used for the methodology.

http://Wwww.master-thesis.ir/Employment Pty
shiraz.barg@gmail.com Ee=:nsid
[m5G;September 26, 2020;8:26]

Omega Xxx (XXXX) XXX

w; customer chains of fixed length set by the user in route j, indexed by k;
vj customers in route j, indexed by i;
Vg customers in customer chain k, indexed by i;
B routes in the case base, B = {ry,r;...15}, indexed by j;
Bc subset of B containing all routes having at least one customer chain, i.e. Bc = {j € B | |wj| > 1}, indexed by j;
Bret subset of B containing all routes retrieved;
Ryrov routes in the provisional solution;
Ry routes requiring revision.
Parameters
dj travel time from customer i — 1 to customer i, where i € v; (service time is included in the travel time);
e; earliest arrival time at customer ieC;
fi latest arrival time at customer ieC;
1 number of customers in the customer chains considered by the methodology;
n size of the case base;
01 weight affecting the number of customer chains selected;
0, weight affecting the number of routes retrieved;
03 weight affecting the number of customers selected;
04 weight affecting the total number of customers in the retrieved routes;
w weight used in the case base management system.
Variables
tij time at which customer i is visited in route j;
Vi =1, if customer chain k in route j is selected by the model; 0, otherwise;
Xij =1, if customer i in route j is selected by the model; 0, otherwise.

Start of the
rocess

Retrieve
Problem - Py
data 77 * Find the most similar
=¥ routes
E Retrieved routes
Reuse E
: Remove excess
i customers
Insert missing
i customers
i Provisional solution
Revise : —
i | Fix weight and volume | Confirmed
| constraints solution
Retain i
. | Compare to the routes
Updated in the case base
case base
End of the
rocess
Fig. 1. Framework of the CBR methodology.
Ziev,, 1
St Yy < Ik Vk € wj, j € B (6)
ijSZj Vkea)j,jeBc (7)
Zykaxij ViECﬂUj,jGBC (8)

kew;

> xj<1 VieC (9)
JjeBe

t,’,Lj-i-d,'jft,‘j Vie Uj,jEBC (10)
tUZXUe,’ VieCn Uj,jEBC (11)
tij < (1—Xij)M-|—f,‘ VieCn Uj,jEBC (12)
Xij. Ykj:- Zj € {0,1} VieCn Uj,jGBc,kea)j (13)
tijeNO Vie BC (14)

The objective function (5) maximizes the similarity function s.
s can be divided into four terms detailed in Egs. (15) to (18). They
are presented in order of priority: s; is more important to optimize
than s,, s, is more important to optimize than s3 and so on. The
negative sign before s, and s4 ensures that these terms are mini-
mized.

s; measures the number of selected customer chains. s, mea-
sures the number of routes retrieved. It is affected by a negative
sign to minimize it. If two customer chains can be selected either
in one route or in two routes, only one route should be selected
as it potentially reduces the number of vehicles required in the so-
lution. s3 measures the total number of selected customers. Even
though standalone customers are less interesting than customer
chains, it is still useful to maximize them. With the lowest priority,
s4 measures the number of customers in the retrieved routes. This
part of the objective ensures that between two routes servicing the
same customers, the one having less customers in total is selected.
This term also bears a negative sign to minimize its value. To en-
sure that priorities between the terms are respected, the parame-
ters 01, 0, 03 and o4 affect respectively sy, s,, s3 and s4. Values for
these parameters are suggested in Section 5.2.

$1 =ZZYI<] (15)

JjeBc kew;
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S2=) 2 (16)
JjeBe

S3=)_ Y X (17)
JjeBc ieCnu;

sa= ) lvjl-z (18)
JjeBe

In constraints (6), a parameter [ is introduced to customize the
length of the customer chains. This set of constraints thus ensures
that customer chain k in route j is selected only if the I x;'s cor-
responding to that chain are selected. Constraints (7) impose that
the value of z; is greater than any of the y,; in the same route.
It means that if the model selects a customer chain in a route,
then the model must also retrieve the route. Constraints (8) allow
the selection of x;'s in route j only if there is at least one cus-
tomer chain yj; selected. Constraints (9) allow only one x; to be
selected by the model for each customer i in the problem. Con-
straints (10) to constraints (12) are optional and they ensure the
time windows are respected. In details, constraints (10) take into
account the time to travel from one customer to another in the
route as it is in the case base. Constraints (11) ensure that the cus-
tomers that are selected by the model are visited after the earliest
time allowed. Similarly, constraints (12) ensure that the customers
that are selected by the model are visited before the latest time al-
lowed. Finally, constraints (13) and (14) are used for the definition
of the variables. It should be noted that up to this point, capacities
of the vehicles are intentionally omitted. They will be considered
in the Revise step.

4.2. Reuse

There are two phases in the Reuse step: removing excess cus-
tomers from the retrieved routes and inserting the missing cus-
tomers. The customers removed from the routes are those that are
not selected by the model. To insert customers, a lowest insertion
cost algorithm is used. It consists in iteratively inserting the cus-
tomer that has the lowest insertion cost among all customers that
need to be inserted. At this point of the methodology, capacity
and time windows constraints enforced. Therefore, it is possible
that some customers cannot be inserted if no insertion point re-
specting the constraints can be found. For these customers, new
routes are created. Theses routes are generated using a construc-
tion heuristic. To mimic real operations as in practice, the Impact
heuristic designed by Ioannou et al. [32] is used. In this heuristic,
customers are inserted iteratively by selecting the customer that
has a combination of the lowest increase in the distance traveled
after insertion, the lowest waiting time and the marginal cost on
the insertion cost of the other customers that are waiting to be
inserted.

At the end of this step, we obtain Rprov, a set containing all the
routes of the provisional solution.

4.3. Revise

The next phase of the CBR, the revision phase, is intended to
fix vehicle capacity violations. Algorithm 1 summarizes the vio-
lation fixing process. In the algorithm, the first for-loop verifies
if the volume capacity or the weight capacity of each vehicle is
exceeded. If so, the routes are inserted in R,, the set of routes
requiring revision. Other routes of Rpry are inserted in a new
set containing the final solution R = Rproy \ Ry. Then, the routes
of R, are sorted so that the largest violation is selected first.
To fix violations, the Find_lowest_impact_and_insert(j, R) function
searches for the customer from j that has the lowest Impact score
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Algorithm 1 Algorithm to fix weight and volume capacity viola-
tion.

1: for all k in Ry, do

2: hy < max(v,/V, wi /W)

3:  if hy > 1 then

4: Insert k in Ry

5: Remove k from R

6: end if

7: end for

8: Sort(Ry)

9: while R, is not ¢ do

10: k < Sy (0)

11: if Find_lowest_impact_and_insert(k, R) then
12: if respect_all_constraints(k) then
13: Insert k in R

14: Remove k from Ry

15: end if

16: else

17 Add empty route in R

18: end if

19: end while

when being inserted in any other routes from R without violat-
ing any constraints. If such customer is found, it is transferred,
and the function returns true. After the relocation, if route j has
no more violations, then it is transferred to R. In the case where
Find_lowest_impact_and_insert(j, R) would return false, an empty
route is added to R.

4.4. Retain

The Retain step consists in inserting the routes from R in the
case base according to certain criteria and insuring a good manage-
ment of the case base. All routes from R that have more than two
customers and that are not duplicate in the case base are inserted
in the case base. To ensure good performance of the methodol-
ogy and to keep the mathematical formulation from the Retrieval
step tractable, the number of cases stored is limited to n. When
the number of routes is greater than n, the routes are sorted using
a ranking function h; given by Eq. (19) and the routes having the
highest values are removed. h; is composed of two terms. hj; ac-
counts for the efficiency of the routes where p; is the cost of the
route. hj, accounts for the diversity in the case base where m; is
the number of occurrence of customer i in the case base. A factor
w is also introduced to balance the weight given to each term.

-1
h:=h: o _ P 1
j=hp+w hp=—L 4w (Y — (19)
|uj] m;

lev;

4.5. An application example

To illustrate the methodology, an application example of the
CBR methodology is presented. The data related to the example
are presented in Table 4. The following notation is used: G is the
list of customers that need to be inserted, updated after the Re-
trieval step. Similarly, Ry is the partial solution obtained after the
Retrieval step.

In the Retrieval step, routes r; and rs; are retrieved. 1y, r4 and
15 are not retrieved for the following reasons: r, contains only one
required customer, r4 does not contain any customer chain and rg
contains a chain of two customers, however the same customers
can be found in r3, which has a longer chain. Thus, after retrieving
ry and r3, the only customer left for insertion for the subsequent

i piil )
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Table 4
Sample case used to illustrate the method-
ology.

Initial data

C= {c1, €2, €3, €4, ¢s, C6, €7}

B= {r1: [ca—cs],

i [€g— 12— c3l,

r3: [c1—>c9—>cz—>c6—>c7],
r4: [€s = c11 = cio— €2},
rs5: [€1— € — Ciol}

Retrieval
Crel = {C3}
Bret = {r1: [ca—cs],
r3: [€1 — C9g— €2 — Cg—C7] }
Reuse
Cprou = 0
Rprov = {r1: [€a— e3> cs],
r3: [€1 > €3 — € — €7]}
Revise
Cm/ = ]
R= {ri: [ca—>c3—>cs],

r3: [C1~>c2~>cs~>(‘7]}

steps is c3. In the Reuse step, cg iS an excess customer and it is
removed. On other hand, c3 is inserted in r; considering that time
windows and capacities are allowing. Assuming that capacities of
the vehicles are respected, no additional changes are performed in
the Revise step.

5. Performance analysis

In this section, we first calibrate the parameters 04, 0y, 03 and
04. We also look at the performance of the Retrieval MIP formu-
lation for problem instances of larger size. Then we use random
generated instances to test the performance of the CBR methodol-
ogy. We look at two different parameters which are: I, the number
of customers in the customer chains; and n, the size of the case
base. The value of w in the retain mechanism is kept constant. Due
to the similarity in their logic, a comparison is made between the
results obtained by CBR and BoneRoute. Finally the method is ap-
plied using real data from the company.

5.1. Background of the problem

Problem instances are generated using a list of customers com-
ing from the on-line retailer. Two types of instances are generated,
smaller instances composed of 25 to 40 customers picked ran-
domly from a list of 100 customers and larger instances composed
of 95 to 105 customers picked randomly from a list of 250 cus-
tomers. For both type of instances, each of the customers has a
given time window. The weights and the volumes of the goods or-
dered by the customers are picked randomly from a list of standard
weights and volumes.

To populate the case base during the experiments, we first gen-
erate a set of nearly 310000 routes using the Impact construction
heuristic [32]. A certain number of these routes are then selected
following the ranking system explained in Subsection 4.4 to initial-
ize the case base.

The objective of this study is to build routes based on past ex-
perience. Therefore, the cost of the new routes is the secondary
consideration, especially when the cost of the routes cannot be
simply calculated by the shortest path matrix. The quality of the
solutions is rather based on the similarity with experience. To
measure similarity, we use two metrics: 8 and 6,. 6 is based
on the amount of customer chains and the number of customers
in the chain. ®; is obtained using Eq. (20). In this equation, |w|
accounts for the number of customers in customer chain k. Values
of 61 vary between 0% and 100% and values approaching 100% in-
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Routes retrieved: 2
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Final solution: /—\
) o S Legend
Depot [ C3 Cs Depot

Serviced
| | customer

Depot (v C; Cs C; Depot Inserted
‘ customer
| S
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— =—= 9
e 3+1) +4 (4+1) 37 262%
62 .

Fig. 2. Example of calculation of 8; and 0,.

Table 5
Various values for the objective function parameters of
the Retrieval step. (n e {40000 — 50000}, | € {4 — 5}).

01 0y 03 04 9] 92

2000 100 50 1 65.48%  54.86%
2000 100 500 1 67.59%  54.16%
2000 O 100 0 65.44%  54.54%
2000 O 100 1 65.58%  54.43%
2000 O 2000 50 65.93%  54.70%
20 0 1000 1 69.47%  52.56%
200 0 1000 1 68.87%  52.51%
1000 O 2000 1 70.37%  52.56%
2000 O 2000 1 70.11%  52.15%
2000 O 2000 500 43.70%  54.34%

dicate a higher degree of similarity between the solutions and the
retrieved routes.

o — D jeBr ke, |0kl (|@k] + 1)
B ST )

6, measures the extent to which the retrieved routes are
reused. Its value is given by the percentage of selected customers
in the retrieved routes from the case base. Since there is often
more than one case retrieved from the case base, we take the
average of all the percentages of customers reused. Values of 6,
vary between 0% and 100% and values approaching 100% indicate
a higher degree of reuse of the retrieved routes. Fig. 2 displays an
example of the calculation of 6; and 6, for the sample case in
Table 4.

(20)

5.2. Calibration of the parameters

The values of 04, 0y, 03 and o4 are set according to the exper-
imental results. The objective is to maximize the value of both of
9] and 92.

Coarse results in Table 5 allow to select the following values for
the parameters : 0; = 2000, 0, = 100, 03 = 500 and o4 = 1. Then,
Figs. 3 to 6 show that the results obtained within a limited range
of the parameters are fairly stable. All results were obtained using
the smaller generated instances.

] 7]
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Fig. 3. Sensitivity analysis of o;.
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Fig. 4. Sensitivity analysis of 0,.
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Fig. 5. Sensitivity analysis of o3.
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Fig. 6. Sensitivity analysis of 04.
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Table 6

Average run times over 90 instances (Values averaged for n €
[10000 — 60000]).

1 Retrieval run time  Time to generate one solution

(seconds) (seconds)
4 505.5033 530.4487
5 649764 71.2319
6  0.1080 2.4749
7  0.0092 1.5136
Table 7

Status of the resolution (Values averaged for n e
[10, 000 — 60, 000]).

1 Solved to optimality  Feasible solutions

4 68 22
5 88 2
6 90 0
7 90 0

5.3. Performance of the retrieval MIP formulation

In this section, the performance of the method in terms of
run time and the performance of the MIP formulation are stud-
ied. For these experiments, we use the larger instances which cor-
respond approximately to the largest instance size that was ob-
tained from the on-line retailer. Among the four steps, the Re-
trieve step, the Retain step and the Reuse step can require more
time. The duration of the Reuse step increases linearly with the
number of cases retrieved. When many cases are retrieved, the
number of insertion positions can be high. However, this part of
the algorithm is relatively short in comparison to the Retrieval
time. The Retrieval time requires more details and is discussed
in the next paragraph. The duration of the Retain step grows ex-
ponentially with the number of cases in the case base since the
occurrences of the customers need to be updated every time a
case is inserted. In our implementations this step did not require
more than a few minutes. Moreover, since the Retain step can
be performed at periods during which computational resources
are less busy in the company, this step is not considered in the
analysis.

The main operation affecting the duration of the Retrieval step
is the resolution of the MIP in Egs. (5) to (14). It is confirmed in
Table 6 where the two columns compare the time required to solve
the model and the time required for the entire algorithm to gener-
ate a solution after the Revise step. The MIP formulation is solved
by the commercial solver CPLEX 12.8.0. The running time of the
solver is limited to 600 seconds. When optimality is not reached,
the average gap to the lower bound obtained is 9.20%. Table 7
shows that optimality is more difficult to obtain with lower values
of I due to the greater number of variables in the problem. This
trend also appears in Table 6 where the average computational
time for lower values of [ are considerably larger. The overhead
added by the rest of the algorithm is only a few seconds which
is reasonable.

It could be expected that as the number of routes in the case
base increases, the run time would also increase. However, with
up to 60000 routes, only a slight increase in the run time was ob-
served.

5.4. Performance analysis of the CBR approach on generated
instances

The smaller size instances are used for this part of the analysis.
The size of these instances are comparable to the average instance




LE;/DW:'/ Downloaded from https:/iranpaper.ir

JID: OME

0. Quirion-Blais and L. Chen

+ 01 02
100%
+
g 80% +
g 60%
= -
£ 40%
@ 20% +
0%
2 3 4 5 6 7

Customer chains length (/)

Fig. 7. Effect of the length of the customer chains, [ on the percentage of customers
retrieved and the route usage (Values averaged from 100 instances. ne {40000,
50000}).

Table 8
Statistics about the source cases and
various case base sizes.

Mc Mq
All cases 51575  19664.15
10000 40754  719.93
20000 41736 1620.71
30000 42364  2398.63
40000 42959  3158.19
50000 43518 3900.20
60000 44051  4626.63
+0:1 X0
70% N
+ +
_ 60% 5 + 3
8 50%
5
£ 40%
z
S 30%
£ 20%
0w
10%
0%
0 10000 20000 30000 40000 50000 60000 70000

Size of the case base (n)

Fig. 8. Effect of n, the size of the case base on 6, and 6, (Values averaged from
100 instances. I € {4, 5}).

size from the on-line retailer. Fig. 7 shows that as the length of
customer chains (I) increases, the value of 6, decreases and the
value of 6, increases. This is due to the fact that a higher value of
I induces longer customer chains which are more difficult to find
in the case base, but increases the percentage of reuse of the re-
trieved routes. Therefore [ can be used to customize the definition
of similarity according to the preference of the user. With the cur-
rent results, values of [ e{4, 5} achieve the highest combination of
values for 6 and 6,.

We denote (4 as the arithmetic mean of the number of occur-
rences of the customers in the case base and . as the arithmetic
mean of the cost of all routes in the case base. (4 is used to mea-
sure the diversity of the case base and w. is used to measure the
efficiency of the routes in the case base. Results in Table 8 show
that as n increases, the diversity increases as well. At the same
time, quality decreases since (. increases.

Fig. 8 shows that as the size of the case base (n) increases, both
61 and 6, increase as well. Thus the additional cases inserted in
the case base allow to increase the quality of the routes generated.
With these results, we can say that when n = 40000 or n = 50000,

10
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Table 9
Comparison of solution costs n € [40, 000 — 50, 000].

ID Cost Impact ~ Cost CBR % Gap

=4 I=5 I=4 I=5
1 15708.20 13421.96  14023.02 15% 11%
2 29065.06 2612498 16781.12 10% 8%
3 13761.04 12420.71 13189.47  10% 4%
4 16165.71 15049.13 1522334 7% 6%
5 15080.20 14044.50  13718.00 7% 9%
6 27273.16 25498.03  30613.74 7% -12%
7 15825.31 14800.50  15795.72 6% 0%
8 27201.90 25786.58  26436.79 5% 3%
9 29311.98 28012.56  26737.43 4% 9%
10 13573.19 12987.36 1286295 4% 5%
11 12800.68 12634.59 1315858 1% -3%
12 13505.56 13512.26  13331.68 0% 1%
13 15224.70 15277.20 1428632 0% 6%
14 13665.06 13720.03 1312488 0% 4%
15  26640.33 26917.61  26785.01 -1% -1%
16 26819.54 27168.83  25784.58  -1% 4%
17 14159.64 1476529 1522334  -4% -8%
18 10830.12 11388.37  11231.24  -5% -4%
19  13100.12 13810.03  12808.10  -5% 2%
20 24231.17 25559.86  26264.02  -5% -8%
21 12004.40 12737.89 1243965 -6% -4%
22 11003.40 11852.81 11567.98  -8% -5%
23 24500.85 26476.29  23469.44  -8% 4%
24 25567.38 27696.09 25171.66  -8% 2%
25 11717.95 1334545 1269289 -14% -8%

both 6, and 6, have reached values close to their maximum val-
ues.

We also look at the impact of the CBR method on the cost.
To do so, small size instances are first solved using the Impact
algorithm. The same problem instances are also solved using the
CBR method with the best parameters. Then the results for both
methods are compared. Since the solutions obtained using CBR are
based on historical solutions generated using Impact, it is expected
that the costs should be in the same range. Results are presented
in Table 9 where the gap is obtained using the following formula:
(Cost_Impact — Cost_CBR) /Cost _Impact. They show that the cost gap
varies from -14% to 15% and the average gap is 0.7%. This range
is considered acceptable especially since travel time evaluation al-
ready includes some deviation due to various factors such as nar-
row streets or congestion prone areas.

With the parameter values proposed in the current subsec-
tion, average values of 6; = 67.29% and 6, = 54.30% were obtained.
These values show that in general, the CBR methodology produces
solutions that are similar to those in the case base. Since the routes
in the case base are based on routes performed in the past, we can
assess that the methodology succeeds in generating new routes in-
spired by driver’s experience.

In summary, results show that routes similar to the new prob-
lem could be retrieved from the case base. A proper value of [ al-
lows to obtain a trade-off between the total number of customers
selected by the model and the percentage of customers selected in
the retrieved routes. It was also found that the similarity slowly
increases with n until a plateau is reached. The value of n should
be selected at the point where the curve flattens. A higher value
would increase the number of lower quality routes. From the point
of view of a retailer, the values of [ and n can be used to impose
a certain level of similarity of the routing plan. The rest of routes
being generated using a state-of-the-art algorithm, we can assume
that the costs of the rest of the routes will be lower. Therefore, the
value of n and I can also be used as leverage to control the cost
and the similarity of the solutions.

To further assess the performance of the CBR methodology,
a comparison is made between the results obtained by the CBR
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Fig. 9. Comparison of the retrieved routes and the final solution for the real instance RI3 when using [ = 2.

method and the BoneRoute algorithm from Zachariadis et al. [72].
The BoneRoute algorithm is selected for comparison because its
proven efficiency and its logic is similar to CBR. Since both al-
gorithms use historical results, it is expected that both resulting
solutions should be similar to historical results up to a certain
degree.

For the comparison, we solve a VRP with capacity constraint
and the objective is modified to consider only total distance min-
imization. This is because the BoneRoute algorithm was designed
for this objective and our CBR method can be easily adapted.

New Instances of 100 customers selected among a total of 125
are solved. The customers in these instances are subsets of the set
used in subsection 5.1.

To allow for a fair comparison, a few adaptations were made to
both methods. First, both the pool and the case base are generated
from the same set of initial solutions. The set is generated using
the same algorithms and parameters as those used to create the

1

initial pool in Zachariadis et al. [72]. Initial solutions are obtained
by running the Paessens algorithm [50] and they are further im-
proved using a Tabu Search.

In Table 10, a comparison is made between the results obtained
by BoneRoute and the CBR methodology. The columns showing the
gaps are calculated using the following logic: (Value_BoneRoute —
Value_CBR)/Value_BoneRoute. The methods are compared based on
their ability to find solutions which reduce the total distance trav-
eled, keep as many customers in chains and keep long chains. As
expected, the distances obtained with CBR are 18.4% higher in av-
erage. However, the number of customers found in chains is much
higher and the length of the chains are also considerably longer.
Therefore, the cost for having similar solutions is quite high and
the user should be aware of it. However, it is important to recall
that some costs are difficult to model and the similarity criterion
help to obtain routes that take into consideration these indirect
costs.
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Depot 12 > 93 > 60 > 82 » 53 » 100 » 35 > 113 > 46 » 96 » 105 > 103 Depot
Depot 18 > 14 > 115 > 94 > 43 > 84 Depot
Depot 74 > 17 > 57 > 81 > 83 > 48 > Depot
Final solution:
Depot > 124 5 63 > 12 > 93 5 34 120> 60 > 47 > 82 > 53 5131 >100 ) 59 > 35 > 113> 46 > 70 5 32 50 > T 5 66 > 40 >
96 > 105> 103 > 102 > 108 > 22 > 79 > 26 > 112 > 109 > 129 > 132 > 24 . Depot
Depot > 18 > 80 > 14 > 115 > 95 116 > 67 > 52 > 99 > 30 > 6 > 55 > 94 - 16 > 1 > 36 > 9 > 43 > 84  Depot
Depot >4 > 74 > 17 > 57 > 81 > 83 > 48 > 91> 20 > 21 > 27 > 31 Depot
Legend
Serviced
customer
“_ Inserted
customer //
Fig. 10. Comparison of the retrieved routes and the final solution for the real instance RI3 when using [ = 6.
Table 10
Comparison of the results obtained with the CBR method and BoneRoute (n = 40000, | = 6).
ID Total distance Number of customers in chains  Longest chain
BoneRoute CBR % Gap BoneRoute CBR % Gap BoneRoute CBR % Gap
1 1578.7 19485  -23.4% 17 92 -4412% 3 6 -100%
2 1561.4 18433 -18.1% 42 95 -1262% 5 17 -240%
3 1683.7 19059  -132% 20 89 -345.0% 4 11 -175%
4 1584.7 1929.8 -21.8% 20 71 -255.0% 4 6 -50%
5 1571.5 18904  -203% 17 82 -3824% 3 6 -100%
6 1596.7 1923.7 -205% 19 87 -357.9% 4 6 -50%
7 1692.1 19149 -132% 10 67 -570.0% 4 6 -50%
8 1515.8 16834 -11.1% 30 91 -203.3% 4 18 -350%
9 1741.3 21846 -255% 19 85 -347.4% 3 17 -467%
10  1666.6 1949.7 -17.0% 14 68 -3857% 3 6 -100%
5.5. Real life based case study Table 11
Values of 6; obtained with real instances.
In this section, we test the methodology by using real data from ID  Size I
an on-line retailer in China. The data set obtained comprises a list 5 3 2 5 6
of transactions with time and location. Since the size and the vol-
ume of the goods delivered as well as the time windows are not Rt 52 87.97% 6538%  29.96%  1.02% 1.02%
) . . . RI2 58 78.36%  36.32%  28.25%  3.75% 3.75%
ava%lable, these constraints will be relax?d for thls part of Fhe ex- R3 66 95.65% 61.09% 19.13% 11.69% 5.23%
periments. The routes come from multiple vehicles covering the RI4 78 86.26%  78.60%  46.88%  28.39%  6.08%
same geographical zone in a city. The civic addresses were clus- RI5> 39 87.21%  52.82% 24.56%  5.25% 1.54%

tered into small areas including one to four street blocks. These ar-
eas act as the customers for the methodology developed. Distances
between the customers are calculated according to the definition
of the Manhattan distances.

After cleaning the data, a total of 366 routes covering 134 cus-
tomers are available to build the case base. The number of cus-
tomers per route range from 3 to 20 customers with the average
being 8.07 customers. The size of the case base is considerably less
than what was used for the training. It is thus expected that the
value of | providing the best results should be a little lower.

To generate test instances, we have randomly selected five days
from the data set. For each instance, the routes corresponding to
the day selected were removed from the case base. Then, cus-

12

tomers serviced in these days are used to generate the new prob-
lems.

Values of 6; and 0, obtained from the methodology are re-
spectively presented in Table 11 and 12. For 64, the best values
obtained range between 86.26% and 95.65%. For 6, the best val-
ues obtained range from 46.91% to 58.89%. Intermediate results are
obtained with | = 3 where average values of 6 is 58.84% and 65,
38.59%. Concerning the computational run time, it was less than a
few seconds due to the limited size of the case base.

The results show that even with a small n, it is still possible
to obtain routes similar to new problems. The methodology should
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Table 12

Values of 6, obtained with real instances.
ID Size 1

2 3 4 5 6

RI 52 25.77%  41.87% 46.91%  46.67% 46.67%
RI2 58 2439%  36.43%  40.39% 56.58%  56.58%
RI3 66 25.54%  38.97% 47.17% 54.46% 58.89%
RI4 78 33.92% 37.89%  47.67% 50.24%  48.61%
RI5 39 28.50% 37.81%  50.67% 57.94%  44.44%

also be adapted by selecting a lower value of L In a real-life con-
text, logistic managers can also set minimum threshold for 64 and
6, below which another algorithm would be used to generate the
routes such as BoneRoute or any other algorithm, even though the
solution might not be similar to historical results. This would en-
sure that the method is only used in cases where there is enough
experience from the drivers.

In order to explain the impact of [ on the final solution, we de-
tail a specific instance based on RI3. In Fig. 9, [ = 2 and 20 routes
are retrieved. In Fig. 10, | = 6 and 3 routes are retrieved. This in-
stance confirms that a higher value [ restricts the number of routes
retrieved. At the same time, less customers from the problem can
be selected by the MIP formulation, thus many more customers
need to be inserted. With less routes retrieved, the number of cus-
tomers in each of these routes is also higher. In this specific in-
stance, it is important to recall that no capacity constraints are en-
forced which explain why so many customers could be inserted
without creating new routes.

6. Conclusion

In this paper, we addressed a problem faced by an on-line re-
tailing company in China in their last-mile delivery. We developed
a methodology based on CBR to take into account drivers’ expe-
rience. A retrieval mechanism based on a MIP formulation allows
to retrieve routes that are similar to the new problem from a case
base. Then, then retrieved routes are used to produce a solution to
a new problem.

The performance of the methodology is first validated using in-
stances generated by a construction heuristic. Average values of
01 = 67.29% and 6, = 54.30% show that similar cases can be re-
trieved. It was also found that these results can be obtained with
a maximum increase cost increase of 15%. Thus the CBR method-
ology succeeds in generating new routes inspired by drivers’ ex-
perience. This conclusion is also validated by a comparison of re-
sults obtained by the BoneRoute algorithm from the literature and
the CBR method. Even though a 18.4% cost increase was observed,
the results obtained with CBR are considerably more similar to the
routes retrieved from the database. The cost increase should also
be taken with caution since the results obtained with BoneRoute
are so different from what drivers are used to that it is likely that
more time will be required to perform the new routes. The perfor-
mance of the methodology is further validated using real life data
obtained from the on-line retailer. In this case, the average value
of 6, is 58.84%, and the value of 6, is 39.38%. Since we have ob-
tained a very limited number of actual routes, the values 6, and
6, are relatively low. For practical use for the retailer, the perfor-
mance of the methodology could be easily improved by inserting
more routes into the case base. Since the routes in the case base
were performed in the past, we can affirm that the new routes are
designed based on drivers’ experience.

The managerial insight of the paper is twofold: 1) past experi-
ence can be formalized, stored in the case base and passed to solve
the new problem; 2) the decision-making process for the delivery
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routes can be standardized and kept uniform for drivers with dif-
ferent levels of experience.

Traffic congestion is one of factor among others that influence
drivers’ decisions. Knowing that traffic congestion is highly related
to time, in our future work we intend to develop a methodology
that will consider specifically the time in relation to the experience
of the drivers.
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