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The Job-Shop scheduling Problem with Transport (JSPT) is a combinatorial optimization 
problem that combines both scheduling and routing problems. It has received attention for 
decades, resulting in numerous publications focused on the makespan minimization. The 
JSPT is commonly modeled by a disjunctive graph that encompasses both machine-
operations and transport-operations. The transport-operations define a sub-problem which 
is close to the DARP where pickup and delivery operations have to be scheduled. The vast 
majority of the evaluation functions used into disjunctive graphs of JSPT, minimizes the 
makespan and there is no routing criteria in the objective function. Commonly used 
evaluation functions lead to left-shifted solutions for both machine-operations and 
transport-operations.  

The present work investigates a new evaluation function for the JSPT which integrates 
routing problematic to compute non semi-active solutions but which minimize the 
makespan first and maximize the Quality of Service second thanks to a time-lag max based 
modeling and an iterative process. The Quality of Service proposed in this paper, is 
extended from the Quality of Service defined by (Cordeau and Laporte, 2003) for the 
DARP. The procedure performance is benchmarked with a CPLEX resolution and the 
numerical experiments proved that the proposed evaluation function is nearly optimal and 
provides new solutions with a high Quality of Service. 
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1. Introduction 
This paper focuses on an integrated problem referred to as the 
Job-Shop Scheduling Problem with Routing (JSPR), which is a 
generalization of the classical Job-Shop Scheduling Problem 
(JSP) where a fleet of vehicles transports jobs between 
machines.  

Contrary to the Job-Shop scheduling Problem with Transport 
(JSPT) which only has to objective the minimization of the 
makespan, the JSPR takes both the minimization of the 
makespan and the maximization of the Quality of Service into 
consideration. A new evaluation function of the disjunctive 
graph introduces for the JSPT by (Lacomme et al., 2013) is 
designed in this paper. The proposed approach in this paper 
differs from the JSPT in the literature according to the 
following points: 
• A Definition of the Quality of Service in the JSPR 

comparable to the Quality of Service definition from Dial-
A-Ride Problem. 

• A new evaluation function of a disjunctive graph. 
• An extension of the benchmarks of the JSPT to encompass 

the JSPT and JSPR with several non-unitary capacity 
vehicles. 

The paper is organized as follows: the first section presents an 
introduction to the JSPT; a literature review of related works; 

and the definition of the Quality of Service in the Dial-A-Ride 
Problem which motivates this study. In the second section the 
formulation of the JSPR is introduced. The third section is a 
MILP formulation of the JSPR. The fourth section refers to the 
new proposed approach for JSPR evaluation, while the fifth 
section presents experiment results on well-known 
benchmarks. 

1.1 Job-Shop scheduling Problem with Transport  
Routing constraints are involved in numerous scheduling 
problems including, for example, the Job-Shop with Transport 
(Knust, 1999), (Lacomme et al., 2013); the Flexible 
Manufacturing Systems (FMS) (Caumond et al., 2009); the 
Flexible Job-Shop scheduling Problem with Transport (Zhang 
et al., 2012); the Resource-Constrained Project Scheduling 
Problem with Transport (Quilliot and Toussaint, 2012) and the 
Hoist Scheduling Problem (HSP), which can be modeled as a 
specific case of the JSPT with minimal and maximal time-lags 
(Honglin et al., 2017), (Adnen El and Elhafsi, 2016). These 
scheduling problems include, but are not limited to AGVs 
(Automated Guided Vehicles), hoists and robots. Moreover, the 
coordination between transport and scheduling can be achieved 
in two possible ways depending on the objective: the first one 
consists in an explicit modeling of transport-operations; the 
second one consists in modeling only transport delay. 

Nomenclature    
𝐽 = {𝐽1 … 𝐽𝑛}  Set of jobs 𝐶𝑟  Capacity of vehicle 𝑟 
𝑀 = {𝑀1 …𝑀𝑚}  Set of machines 𝑡𝑡𝑀1,𝑀2

𝑟,𝑐   Transport time of vehicle 𝑟 between the 
machines 𝑀1 and 𝑀2 with 𝑐 loaded jobs 

𝑂  Set of machine-operations 𝑇𝑇𝑗𝑗   Time-lag from operation 𝑗 to operation 𝑖, 
𝑖, 𝑗 ∈ 𝑂 ∪ 𝐷 ∪ 𝑃 

𝑂𝑗,𝑗  𝑗𝑡ℎ machine-operation of job 𝐽𝑗 𝐸𝑆𝑗   Earliest Starting time of the operation 𝑖, 
𝑖, 𝑗 ∈ 𝑂 ∪ 𝐷 ∪ 𝑃 

𝜇𝑗,𝑗  Machine on which 𝑂𝑗,𝑗 must be processed 𝑇𝑆𝑗  Latest Starting time of the operation 𝑖, 
𝑖, 𝑗 ∈ 𝑂 ∪ 𝐷 ∪ 𝑃 

𝑝𝑡𝑗,𝑗  Duration of operation 𝑂𝑗,𝑗 𝐶𝐶𝐶𝐶  Total completion time of all operations 
(Makespan) 

𝐷  Set of delivery operations 𝑇𝑇𝑇  Total Riding Time 
𝑃  Set of pickup operations 𝑇𝑇𝑇  Total Waiting Time 
𝐷𝑗,𝑗  Delivery operation preceding 𝑂𝑗,𝑗 𝑇𝐷  Total Duration 
𝑃𝑗,𝑗  Pickup operation succeeding 𝑂𝑗,𝑗 𝑄𝑄𝑆  Quality of Service 
𝑇(O𝑖,𝑗,O𝑖,𝑗+1)  Transfer request between 𝑂𝑗,𝑗 and 𝑂𝑗,𝑗+1 

which is an ordered sequence of transport-
operations 

𝑦  A solution 

𝑇(O𝑖,𝑗,O𝑦,𝑥)   Transport-operation from 𝑂𝑗,𝑗 to O𝑦,𝑥 𝐹(𝑦)  The objective function of solution 𝑦 
𝑠𝑡𝑗,𝑗  Starting time of 𝑂𝑗,𝑗 ℎ𝑐𝑚𝑐𝑥(𝑦)  𝐶𝐶𝐶𝐶 of 𝑦 
𝑐𝑗,𝑗  Finishing time of 𝑂𝑗,𝑗 ℎ𝑐𝑐𝑐𝑡(𝑦)  1/𝑄𝑄𝑆 of 𝑦 
𝑇 = {𝑇1 …𝑇𝑟}  Fleet of vehicles 𝛼,𝛽  Coefficients of 𝐹 
 

The Job Shop scheduling Problem (JSP) is characterized by a 
set of 𝑛 jobs 𝐽 = {𝐽1 … 𝐽𝑛} and a set of 𝐶 disjunctive machines 
𝑀 = {𝑀1 …𝑀𝑚}. A job 𝑖 is composed of an ordered set 
�𝑂𝑗,1,𝑂𝑗,2 … 𝑂𝑗,𝑛𝑖� of 𝑛𝑗 operations to be successively 
performed according to the given sequence. An operation 𝑂𝑗,𝑗 
must be processed on machine 𝜇𝑗,𝑗 ∈ 𝑀 for a duration 𝑝𝑡𝑗,𝑗. 
Several operations requiring the same machine cannot be 

processed simultaneously. A classical objective is to minimize 
the total duration, i.e., the makespan, of the schedule.  

The Job-Shop scheduling Problem with Transport (JSPT) is an 
extension of the Job-Shop scheduling Problem where a fleet of 
𝑟 vehicles 𝑇 = {𝑇1 …𝑇𝑟} must transport the jobs between the 
machines. This transport is explicitly modeled and split into 
two operations: a pickup operation followed by a delivery 
operation, since non-unitary capacity vehicles are considered. 
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The JSPT is an NP-hard problem because both JSP and 
transport are simultaneously considered (see (Lenstra and Kan, 
1979) and (Blazewicz et al., 1983). The most common 
objective is, similarly to the JSP, the minimization of the 
makespan.  

1.2 Literature review 
In a survey published by (Nouri et al., 2016b), the authors 
provide a classification scheme that defines seven criteria 
including: the number of transportation resources; the 
transportation resource types; the number of operations in each 
job; the routing flexibility, which is the number of machines 
able to process each operation; recirculation, which means that 
jobs visit some machines more than one time; the optimization 
criteria; and the type of resolution scheme. 

Several linear formulations have been introduced for job-shop-
like problems with transport, but exact resolution remains 
difficult due to both a large number of binary variables 
(modeling disjunctive constraints), and many linear 
formulations remain intractable for medium-scale instances.  

Table A1 in the Appendix introduces articles concerning the 
Job-Shop with Transport. (Bilge and Ulusoy, 1995) studied the 
simultaneous scheduling of machines and identical AGVs in a 
job-shop framework, and proposed a heuristic solution. In 
2009, (Caumond et al., 2009) introduced a modeling for one 
vehicle only with buffer capacity, the FIFO buffer management 
rule and limitation on the number of jobs in the system. 
(Ahmadi-Javid and Hooshangi-Tabrizi, 2017) introduced a 
linear formulation into an explicit modeling of a job-shop with 
transport with a heterogeneous fleet and an employee 
timetable. The problem remains close to the workforce 
scheduling problem or to the Skill VRP. (Anwar and Nagi, 
1998) introduced a formulation for the integrated material 
handling in the context of a job-shop environment with multi-
level products. (El Khoukhi et al., 2011) focused on a just-in-
time job-shop scheduling with Transportation Times and 
Multirobots with the objective to minimize, on the one hand, 
tardiness, earliness penalties on delays and advances and, on 
the other hand, the number of empty moves. The contribution 
of (Morihiro et al., 2006) concerns the Tasks Assignment and 
Routing Problem (TARP) for Autonomous Transportation 
Systems (ATSs) and they give TARP results for a specific 
Pickup and Delivery Problem with Time Windows (PDPTW). 
(Umar et al., 2015) proposed a hybrid multi-objective genetic 
algorithm taking routing criteria into account: the AGV travel 
time, job tardiness and conflict avoidance. A vast majority of 
publications use heuristic-based approaches and focus on 
unitary vehicle capacity. For example, only three publications 
address non-unitary capacity: (Morihiro et al., 2006), (Larabi, 

2010) and (El Khoukhi et al., 2011), they also address the 
problem with a number of vehicles greater than one. 

Addition of routing consideration can consist, as reported by 
(Morihiro et al., 2006), in an explicit modeling of Pickup and 
Delivery, which are commonly used in the Pickup and Delivery 
Problem with Time Window (PDPTW) and in the Dial-A-Ride 
Problem where a Quality of Service is taken into account for 
the customers who are assumed to be transported between 
nodes.  

1.3 Quality of Service in the Dial-A-Ride Problem 
The Dial-A-Ride Problem (DARP) was first introduced by 
(Stein, 1978). Later, (Cordeau and Laporte, 2003) defined the 
DARP as follows: each client (or customer) 𝑐 has a 
transportation request between a given pickup node to a 
delivery node. Each node (pickup or delivery) 𝑖 is associated 
with a service duration 𝑡𝑗 that corresponds to the time needed 
to pick up or deliver client 𝑐, and to a time window [𝑒𝑗; 𝑙𝑗] in 
which the pickup or the delivery operation must be done. A 
waiting time is allowed before any beginning of service but 
forbidden after the end of the service. Client transportation is 
provided by a homogeneous and limited fleet of vehicles of 
capacity 𝑄. All trips begin and finish at the depot.  

According to (Chassaing et al., 2016), four variables are 
required to provide a trip description (Fig. 1): 

• 𝐴𝑗 is the arrival time of a vehicle on node 𝑖, 
• 𝑠𝑡𝑗 is the beginning of the service on node 𝑖, 
• 𝐶𝑗 is the end of service, 𝐶𝑗 = 𝑠𝑡𝑗 + 𝑡𝑗 on node 𝑖, 
• 𝐵𝑗  is the departure time from node 𝑖. 
 
Because the Dial-A-Ride Problem addresses several Quality of 
Service considerations (Cordeau and Laporte, 2003), three 
criteria are introduced considering that:  
• 𝐷𝑟  is the duration of the trip of vehicle 𝑟, defined as the 

difference between the finishing time (referred to as 𝐸𝑛𝑟) of 
the trip to the depot and the starting time 𝐵0𝑟  from the depot. 

• 𝑇𝑐 is the riding time of the customer 𝑐 between the 
departure time from one pickup node 𝑖 and the beginning of 
the customer 𝑐’s service at the delivery node 𝑖′, with 𝑖′ > 𝑖 
(the delivery node is not necessarily the following one; 
other clients can be picked up/dropped off before). 𝑇𝑐 =
𝑠𝑡𝑗′ − 𝐵𝑗. 

• 𝑇𝑇𝑐 is the waiting time of the client 𝑐. Two waiting times 
can be considered: (1) his departure time 𝐵𝑗  and the end of 
his service 𝐶𝑗, 𝑇𝑇𝑐1 = 𝐵𝑗 − 𝐶𝑗; (2) between his arrival time 
and his beginning of service on the delivery node 𝑖, 
𝑇𝑇𝑐2 = 𝑠𝑡 − 𝐴𝑗. 𝑇𝑇𝑐 = 𝑇𝑇𝑐1 +  𝑇𝑇𝑐2. 
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vehicule r
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Riding Time

Ai’

waiting time 

sti’ Ci’ Bi’

Duration Time  
Fig. 1. Trip description and notations from (Chassaing et al., 2016). 

 

A DARP solution considers the end of service 𝐶𝑗 is equal to 
the departure time 𝐵𝑗: 𝐶𝑗 = 𝐵𝑗 , which implies waiting time 
𝑇𝑇𝑐1 = 0, and the only waiting time is 𝑇𝑇𝑐 = 𝑇𝑇𝑐2 = 𝑠𝑡𝑗 −
𝐴𝑗. In the considered problem of Job-Shop with Routing, both 
𝑇𝑇𝑐1 and 𝑇𝑇𝑐2 are taken into consideration. 

A solution is defined by a set of trips that accommodate all of 
the requests under their time window constraints, and the 
vehicle capacity constraints must hold everywhere during the 
trips. Moreover, the following criteria are included in the 
Quality of Service measure for a solution: 
• The Total Duration: 𝑇𝐷(𝑠) =  ∑ 𝐷𝑗𝑘

𝑗 , where 𝑘 is the 
number of trips 

• The Total Riding Time: 𝑇𝑇𝑇(𝑠) = ∑ 𝑇𝑐𝑛
𝑐=1  

• The Total Waiting Time: 𝑇𝑇𝑇(𝑠) = ∑ 𝑇𝑗
2𝑛
𝑗=1  

Solutions of the DARP, considering the three previous criteria 
and the makespan, are not semi-active solutions, i.e., the 
starting times are not necessarily the earliest possible (or left-
shifted). Given a routing of vehicles, the computation of these 
variables can be solved in 𝑂(𝑛2) by the (Cordeau and Laporte, 
2003) algorithm or in 𝑂(𝑛) with the (Firat and Woeginger, 
2011) algorithm. Let us note that these two algorithms do not 
provide the same evaluation of one DARP trip, but an 
evaluation that is a balance between the three criteria included 
in the Quality of Service. The (Cordeau and Laporte, 2003) 
algorithm is commonly used in the vast majority of 
metaheuristic-based approaches, and their evaluation takes 
advantage of an auxiliary acyclic graph where the criteria are 
iteratively minimized (𝑇𝑇𝑇 first, 𝑇𝐷 second and, finally, 
𝑇𝑇𝑇) without deteriorating the previous minimized criteria. 

2. Problem of interest: Job-Shop with Routing 
The Job-Shop with Routing (JSPR) consists in solving a job-
shop with an explicit modeling of the transport-operations. 
This problem is solved considering routing-based classical 
approaches and also solved including a Quality of Service 
criterion in the objective function. The modeling of the 
transport in the JSPR by pickup and delivery operations offers 
an appropriate paradigm for routing modeling, taking 
advantage of efficient algorithms from the routing community. 

2.1. Graph modeling 
The JSP is commonly modeled by a disjunctive graph first 
introduced by (Roy and Sussmann, 1964). This graph is 
referred to as 𝐺 = (𝑉,𝐸), where 𝑉 is the set of nodes 
representing the machine-operations (it also includes two 
dummy nodes referred to as 0 and ∗ that model the depot, and 
define the starting and the finishing operations, respectively); 
and 𝐸 is the set of both (i) conjunctive arcs corresponding to 
the ordered sequence of machine-operations for each job, and 
(ii) disjunctive arcs corresponding to the resource sharing 
constraints (two operations using the same machine have to be 
sequenced). Each arc, from an operation 𝑂𝑗,𝑗 to the operation 
𝑂𝑗,𝑗+1, is valuated by the processing time 𝑝𝑡𝑗,𝑗. 

The disjunctive graph of the JSP was later generalized by 
(Lacomme et al., 2007) to the JSPT by adding nodes to model 
pickup and delivery operations. The earliest starting time of 
one machine-operation 𝑂𝑗,𝑗 depends on the delivery operation 
𝐷𝑗,𝑗 (which can be assumed to have a null unloaded duration 
without loss of generality) and the earliest starting time of the 
pickup operation 𝑃𝑗,𝑗, which is lower bounded by the starting 
time of 𝑂𝑗,𝑗 plus the processing time 𝑝𝑡𝑗,𝑗. The previous 
remark on the delivery duration holds for the pickup duration, 
which can be assumed to be equal to zero without loss of 
generality. The trio (𝐷𝑗,𝑗; 𝑂𝑗,𝑗; 𝑃𝑗 ,𝑗) defines a set of three 
operations with conjunctive arcs, as can be seen in Fig. 2. If 
the jobs must be transported from the depot to the first 
machine-operation in the sequence, the job sequence of the 
treatment must encompass the depot. Hence, each job 𝐽𝑗, 
having 𝑛𝑗 machine-operations in its sequence, contains 
3 × 𝑛𝑗 − 2 nodes: 𝑛𝑗 machine-operations, 𝑛𝑗 − 1 pickup 
operations and 𝑛𝑗 − 1 delivery operations.  

 
Fig. 2. Conjunctive arcs defining an operation. 

Each machine-operation pair (𝑂𝑗𝑗 ,𝑂𝑗𝑗+1) represents a transfer 
request 𝑇(O𝑖,𝑗,O𝑖,𝑗+1) for the job 𝑖, which has to be transported 
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from machine 𝜇𝑗𝑗 to machine 𝜇𝑗𝑗+1. Each transfer request 
𝑇(O𝑖,𝑗,O𝑖,𝑗+1) = �𝑃𝑗 ,𝑗,𝐷𝑗 ,𝑗+1� from one machine 𝜇𝑗𝑗 to 𝜇𝑗𝑗+1 is 
characterized by a pickup operation 𝑃𝑗,𝑗 and a delivery 
operation 𝐷i,j+1. A pickup operation 𝑃 𝑗,𝑗 and a delivery 
operation 𝐷i,j+1 are defined by their own starting times and a 
vehicle 𝑟 assigned to them. The total duration of the transfer is 
defined by the delay between the starting time of the pickup 
operation and the starting time of the delivery operation. A 
transfer request 𝑇(O𝑖,𝑗,O𝑖,𝑗+1) is fully defined by an ordered 
sequence of transport-operations that makes a path from 𝜇𝑗𝑗 to 
𝜇𝑗𝑗+1, where all operations on the path are assigned to the 
same vehicle 𝑟. 

As reported by (Lacomme et al., 2013), a disjunction between 
two pickup/delivery operations is modeled by an arc with the 
value 𝑡𝑡𝜇𝑖,𝑗,𝜇𝑘,𝑝

𝑟,𝑐 , which corresponds to a transport-operation 
from 𝜇𝑗𝑗 to 𝜇𝑘𝑘 (both operations are assigned to vehicle 𝑟 
loaded with 𝑐 jobs). This remark holds for all the 
configurations (𝑃,𝐷), (𝑃,𝑃), (𝐷,𝐷), (𝐷,𝑃), where 𝑃 is a 
pickup operation and 𝐷 a delivery operation.  

The trip of one vehicle is composed of an ordered set of 
pickup and delivery operations satisfying the following 
constraints: (1) one delivery operation 𝐷i,j+1  is sequenced next 
to the pickup operation 𝑃 𝑗𝑗; (2) at any time, the number of 
jobs loaded is lower than the vehicle capacity. For example, in 
Fig. 3, the trip is: 𝑡𝑟 = (𝑃 𝑗,𝑗,𝑃 𝑘,𝑘,𝐷 𝑗,𝑗+1,𝐷 𝑘,𝑘+1) for a non-
unitary capacity vehicle. 

 
Fig. 3. Pickup and delivery operations with a non-unitary 

vehicle. 

2.2. Definition of a solution 
A solution is an assignment and a sequencing of vehicles to 
the transport-operations and a sequencing of machine-

operations. It is represented by a fully oriented (acyclic) 
graph, where disjunctions between machine-operations and 
the pickup/delivery operations assigned to the same vehicle 
are oriented. The resolution of the JSPR needs to encompass 
jointly these two problems as well as the assignment of a 
vehicle to each transport-operation. An acyclic graph can be 
evaluated to compute the starting time of operations, and 
starting times are commonly achieved by a longest path 
algorithm since only semi-active solutions are required.  

Fig. 4 presents a solution of the JSPR with three jobs, three 
machine-operations per job and with two vehicles. The value 
of the arc between a pickup/delivery and another 
pickup/delivery is the transport time. The graph of Fig. 4 
illustrates a schedule that defines the starting times of 
machine-operations and the trips of the two vehicles, which 
are composed of an ordered sequence of pickup and delivery 
operations (see Table 1 for the sequence of pickup and 
delivery operations of vehicle 𝑇2). The machine-operation 
𝑂12 starts its process at 23 (the processing time values 9 times 
units). Vehicle 𝑇1 is assigned to transport-operation of job 𝐽3 
from machine 𝑀3 to machine 𝑀1 (the transportation time is 4 
units of times) and the pickup operation is scheduled at 5 and 
the delivery operation at 9. The next operation assigned to 
vehicle 𝑇1 consists in a transport-operation of job 𝐽1 from 
machine 𝑀2 to machine 𝑀3 (the transportation time is 8 units 
of times) with a pickup operation scheduled at 15 and the 
delivery operation at 23. Between the delivery operation 𝐷3,2 
(delivery of 𝐽3 on 𝑀1 at time 9) and the pickup operation 𝑃1,1 
of 𝐽1 on 𝑀2 (at time 15), vehicle 𝑇1 achieves an unloaded 
transport-operation from 𝑀1 to 𝑀2 which is modeled by an arc 
with a value of 6 (6 is the transportation time required to move 
from machine 𝑀3 to 𝑀2). Similar remarks hold concerning 
vehicle 𝑇2. 
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Fig. 4. Oriented and disjunctive graph left-shifted evaluated (solution to the problem). 

Table 1 
Trip of vehicle R2. 
Trip of 𝑇2  𝑃2,1 𝐷2,2 𝑃3,2 𝑃1,2 𝐷3,3 𝑃2,2 𝐷1,3 𝐷2,3 
Machine 𝑀1 𝑀3 𝑀1 𝑀3 𝑀2 𝑀3 𝑀1 𝑀2 
Loaded/Unloaded Job 𝐽2 𝐽2 𝐽3 𝐽1 𝐽3 𝐽2 𝐽1 𝐽2 
Starting time of the 
operation 5 13 30 34 46 48 58 60 

Arrival time of the vehicle 0 13 23 34 46 48 58 60 
Departure time of the 
vehicle 5 13 30 34 46 48 58 60 

 

 
Fig. 5. Gantt chart of one semi-active solution. 

 

Fig. 5 introduces the Gantt chart of the oriented and evaluated 
disjunctive graph illustrated in Fig. 4 and highlights the 
waiting time of both jobs and vehicles. For example, machine- 
operation 𝑂1,1 of job  𝐽1, starts at 0, finishes at 5, but must wait 
until 15 when vehicle 𝑇1 arrives to pickup the job. So 
operation 𝑂1,1 waits 10 units of time in the output buffer of 
machine 𝑀2. On machine 𝑀3, job 𝐽2 is delivered at 13 

(delivery operation 𝐷2,2) and waits until 32 (starting time of 
machine-operation 𝑂2,2) into the input buffer of 𝑀3. Some 
jobs can expect no waiting time on some specific machine: (1) 
the starting time of one machine-operation is scheduled at the 
end of the delivery operation; (2) the starting time of one 
pickup operation is scheduled at the end of the machine-
operation. For example, job 𝐽2 finishes its process on machine 
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𝑀1 at 5 and is picked up at 5 (pickup operation 𝑃2,1) and 
transported from machine 𝑀1 to machine 𝑀3 from time 5 to 9 
(thanks to transport-operation 𝑇(O2,1,O2,2) = �𝑃 2,1,𝐷2,2,𝑇2�). 
The job is delivered at time 9 (unloaded: delivery operation 
𝐷2,2) on machine 𝑀3. 

2.3. Quality of Service in the JSPR 

Each transport-operation 𝑇(O𝑖,𝑗,O𝑦,𝑥) =�X𝑗 ,𝑗 ,𝑌𝑦,𝑥, 𝑟� from one 
machine 𝜇𝑗𝑗 (which processes the machine-operation 𝑂𝑗𝑗) to 
another machine 𝜇𝑦𝑥 (which processes the machine-operation 
𝑂𝑦𝑥), is composed of one initial operation X𝑗 ,𝑗 (with a value of 
either 𝑃𝑗,𝑗 or 𝐷𝑗,𝑗), one final operation 𝑌𝑦,𝑥 (with a value of 
either 𝑃𝑦,𝑥 or 𝐷𝑦,𝑥) and vehicle 𝑟 assigned to the transport-
operation. Consequently: 
𝑇(O𝑖,𝑗,O𝑦,𝑥) =

�𝑃 𝑗,𝑗 ,𝑃𝑦,𝑥, 𝑟� | �𝑃 𝑗,𝑗 ,𝐷𝑦,𝑥 , 𝑟� | �𝐷 𝑗,𝑗,𝐷𝑦,𝑥, 𝑟� | �𝐷 𝑗,𝑗 ,𝑃𝑦,𝑥, 𝑟�. 
Moreover, one transport-operation 𝑇(O𝑖,𝑗,O𝑦,𝑥) is defined by: 
• a departure time 𝐵𝑗,𝑗 on machine 𝜇𝑗𝑗; 
• an arrival time 𝐴𝑦,𝑥  of vehicle 𝑟 on machine 𝜇𝑦𝑥;  
• a vehicle 𝑟 assigned to the transport. 
 
Let us define 𝑠𝑡𝑗,𝑗 the starting time of the machine-operation 
𝑂𝑗,𝑗, and 𝑐𝑗,𝑗 = 𝑠𝑡𝑗𝑗 + 𝑝𝑡𝑗𝑗 its finishing time. Since a transport-
operation 𝑇(O𝑖,𝑗,O𝑦,𝑥)  is a couple of pickup/delivery operations 
and the service duration is null: 𝐵𝑗 ,𝑗  is the departure time of 
the vehicle (starting time of the transport-operation), and 𝐴𝑗,𝑥 
is the arrival time of vehicle 𝑟 on machine 𝜇𝑦𝑥 (finishing time 

of the transport-operation) (Fig. 6). The earliest starting time 
of one machine-operation 𝑠𝑡𝑗,𝑗 depends on both the arrival 
time of the vehicle and on the finishing time of the previously 
scheduled machine-operation. 

Fig. 6 illustrates the coordination of a transport-operation 
between two machine-operations belonging to job 𝑖; similar 
schemes can be drawn for all four configurations possible. 
The difference between 𝑠𝑡𝑗,𝑥 and 𝐴𝑗,𝑥  defines the waiting time 
of job 𝑖 in the input buffer of machine 𝜇𝑗𝑥. The same remark 
applies for the output buffer of machine 𝜇𝑗𝑗, where the 
difference between 𝐵𝑗,𝑗 and 𝐶𝑗,𝑗 defines the waiting time of job 
𝑖 in the output buffer of machine 𝜇𝑗𝑗.  

To reduce job waiting time, an integrated approach should be 
developed to simultaneously solve the problems of machine-
operation scheduling, vehicle routing and vehicle assignment. 
In the scheduling community, the arrival time, departure time 
of vehicles and starting time of machine-operations are 
commonly left-shifted since semi-active solutions are 
investigated and the objective function focuses on the 
makespan alone. The makespan, referred to as 𝐶𝐶𝐶𝐶, is the 
time necessary to achieve all operations, i.e., 𝐶𝐶𝐶𝐶 = 𝑠𝑡∗ −
𝑠𝑡0. 

Different assignments of the values of the departure times 𝐵𝑗,𝑗 
(transport-operation) and of the starting times 𝑠𝑡𝑗,j (machine-
operation) can lead to different waiting times of the jobs in the 
input or output buffers of the machines. It could be profitable 
to delay the beginning of the transport to reduce the 
unnecessary waiting time at some machines. 

 
 

 
Fig. 6. Coordination of a transport-operation between two machine-operations of job 𝑖. 

Along the same lines as (Cordeau and Laporte, 2003), we 
propose to define the Quality of Service for the JSPR 
considering the following criteria: 

• Total Duration of jobs: for a job 𝑖, the Total Duration 
𝑇𝐷𝑗  is defined by the difference between the finishing time of 
its last machine-operation and the starting time of its first 
machine-operation (i.e., the flow time of a job), as illustrated 

in Fig. 7 : 𝑇𝐷𝑗 = 𝑠𝑡𝑗,𝑛𝑖 + 𝑝𝑗,𝑛𝑖−𝑠𝑡𝑗,1. The Total Duration is the 
sum of all 𝑇𝐷𝑗. 

𝑇𝐷 = � (𝑇𝐷𝑗)
𝑛

𝑗=1
= � �𝑠𝑡𝑗,𝑛𝑖 + 𝑝𝑗,𝑛𝑖−𝑠𝑡𝑗,1�

𝑛

𝑗=1
 

Contrary to the DARP where total duration is defined for the 
vehicle trips, the total duration for the JSPR is defined for the 
jobs which is a usual criteria in scheduling. The total duration 
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minimization impacts indirectly the traveling time of the 
vehicles. 
• Total Riding Time: the ride time associated with the 
request 𝑇(O𝑖,𝑗,O𝑖,𝑗+1) is computed by 𝑇𝑇𝑇𝑗𝑗 = 𝑠𝑡𝑗,𝑗+1 − 𝐵𝑗,𝑗. 
Ride time thus corresponds to the elapsed time between the 
departure time of vehicle 𝑟 from machine 𝜇𝑗𝑗 where job 𝑖 is 
loaded, and the beginning of service of job 𝑖 at machine 𝜇𝑗𝑗+1 
(starting time of the machine-operation 𝑂𝑗𝑗+1), as illustrated in 
Fig. 7. The Total Riding Time expected by job 𝑖 is 𝑇𝑇𝑇𝑗 =
∑ (𝑠𝑡𝑗,𝑗+1 − 𝐵𝑗 ,𝑗)𝑗∈𝐿𝑖 , where 𝑇𝑗 is the set of pickup operations 
of job 𝑖. The Total Riding Time is the sum of all job riding 
times, i.e., 𝑇𝑇𝑇 = ∑ 𝑇𝑇𝑇𝑗𝑛

𝑗=1  
• Total Waiting Time: the waiting time of a job 𝑖 in the 
output buffer of machine 𝜇𝑗𝑗 is referred to as 𝑇𝑇𝑇𝑗𝑗+ and is 

defined by 𝐵𝑗,𝑗 − 𝐶𝑗,𝑗, and the waiting time of a job 𝑖 in the 
input buffer of machine 𝜇𝑗𝑗 is referred to as 𝑇𝑇𝑇𝑗𝑗− and is 
defined by 𝑠𝑡𝑗,𝑗 − 𝐴𝑗,𝑗, as illustrated in Fig. 7. The total 
waiting time is the sum of the total waiting time in the output 
buffers ∑  ∑ �𝑇𝑇𝑇𝑗𝑗+�𝑗∈𝐿𝑖

𝑗=𝑛
𝑗=1  plus the total waiting time in the 

input buffers ∑  ∑ �𝑇𝑇𝑇𝑗𝑗−�𝑗∈𝑈𝑖
𝑗=𝑛
𝑗=1 , where 𝑈𝑗 is the set of 

delivery operations of job 𝑖 and 𝑇𝑗 the set of the pickup 
operations of job 𝑖. 

𝑇𝑇𝑇 = �  ��𝑇𝑇𝑇𝑗𝑗+�
𝑗∈𝐿𝑖

𝑗=𝑛

𝑗=1

+ �  ��𝑇𝑇𝑇𝑗𝑗−�
𝑗∈𝑢𝑖

𝑗=𝑛

𝑗=1

 

 

 
Fig. 7. Introduction of new criteria for the definition of Quality of Service. 

 

The objective function consists in first minimizing the 
makespan, then minimizing the 𝑇𝐷, followed by the 𝑇𝑇𝑇 and 
then the 𝑇𝑇𝑇: 𝛼.𝐶𝑚𝑐𝑥 + 𝛽.𝑇𝐷 + 𝛾.𝑇𝑇𝑇 + 𝛿.𝑇𝑇𝑇, where 
(𝛼,𝛽, 𝛾, 𝛿) comply with the following constraints: 
• 𝑀𝑖𝑛(𝛼.𝐶𝑚𝑐𝑥) > 𝑀𝐶𝐶(𝛽.𝑇𝐷 + 𝛾.𝑇𝑇𝑇 + 𝛿.𝑇𝑇𝑇); 
• 𝑀𝑖𝑛(𝛽.𝑇𝐷) > 𝑀𝐶𝐶 (𝛾.𝑇𝑇𝑇 + 𝛿.𝑇𝑇𝑇); 
• 𝑀𝑖𝑛(𝛾.𝑇𝑇𝑇) > 𝑀𝐶𝐶 (𝛿.𝑇𝑇𝑇). 

These constraints strictly rank the criteria and prevent 
dependency between criteria in the objective function. 

The Duration of a job, the Riding Time of a job between two 
machines and the Waiting Time of a job can be modeled by 
maximal time-lags. A time-lag is a restriction that enforces a 
minimal and/or a maximal delay between operations but, 
contrary to setup times, these restrictions do not consume any 
capacity of the machine. Building a feasible schedule with 
maximal time-lags is not straightforward and can induce an 
unprofitable cyclic graph (Caumond et al., 2009), depending 
on, first, the two operations that are concerned by the maximal 
time-lag and, second, the maximal time-lag value. (Wikum et 
al., 1994) investigated the complexity of the job-shop with 
time-lags and demonstrated that in the general case, the 
problem is NP-hard. A maximal time-lag represents a 
maximal delay between two operations 𝑖 and 𝑗, i.e., the second 
operation 𝑗 must start before a maximal delay after the first 
operation 𝑖, and can be formalized as follows: 𝑠𝑡𝑗 ≤ 𝑠𝑡𝑗 + 𝑇𝑇𝑗𝑗  
where 𝑠𝑡𝑗 and 𝑠𝑡𝑗 are the starting times of the operations 𝑖 and 

j and 𝑇𝑇𝑗𝑗  is the value of the maximal time-lag between 𝑖 and 
𝑗.  

3. Mixed Integer Linear Program 
In this section, a MILP dealing with the JSPR is introduced 
for a fleet of several heterogeneous vehicles with non-unitary 
capacity.  
Because vehicles are shared renewable resources, a RCPSP-
like flow formulation can be used (Artigues et al., 2003), 
(Carlier et al., 2009), (Artigues, 2017). From this point of 
view, the vehicle capacities (units of resources) are produced 
and consumed at pickup/delivery nodes. Each trip is 
represented by a flow 𝜙𝑟 with 𝑟 = 1 …𝑘 where 𝑘 is the 
number of vehicles. A flow 𝜙𝑗,𝑗𝑟 = 𝐶𝑟 + 1 represents a move 
of vehicle 𝑟 from the operation 𝑖 to the operation 𝑗, which is 
loaded with zero jobs. A flow 𝜙𝑗,𝑗𝑟 = 1 is a travel of vehicle 𝑟 
from operation 𝑖 to operation 𝑗, which is loaded with 𝐶𝑟 jobs. 
Both pickup and delivery operations can be considered as 
activities where each pickup operation has a consumption of 
resources equal to one, and each delivery operation has a 
production of resources equal to one.  

3.1. Notations 

3.1.1. Parameters 
𝐽 : Set of jobs; 𝐽 = {𝐽1, 𝐽2; … ; 𝐽𝑛} 
𝑀 : Set of machines; 𝑀 = {𝑀1;𝑀2; … ;𝑀𝑚} 
𝑇 : Set of vehicles; 𝑇 = {𝑇1;𝑇2; … ;𝑇𝑟} 
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𝑂𝑀 : Set of machine-operations 
𝑂𝑀
𝑓  : Set of the first machine-operation of each job 

𝑇 : Set of pickup operations 
𝑈 : Set of delivery operations 
𝑇 : 𝑇 = 𝑇 ∪  𝑈 (set of transport-operations) 
𝑝𝑡𝑗 : Processing time of machine-operation 𝑖  
𝜇𝑗 : Machine on which operation 𝑖 needs to be 

processed 
𝐶𝑟 : Capacity of vehicle 𝑟 ∈ 𝑇 
𝑐𝑗𝑟  : Size of job 𝑖 in vehicle 𝑟, in this paper,  

𝑐𝑗𝑟 = 1 , ∀𝑖 ∈ 𝑂𝑀 ,∀𝑟 ∈ 𝑇 
𝑡𝑡𝑚1,𝑚2

𝑟,𝑐  : Transport time of vehicle 𝑟 between the machines 
𝐶1 and 𝐶2 with 𝑐 loaded jobs  

𝑔𝑗 : Job of operation 𝑖 
𝐻 : Large integer  
𝜖 : Small real number (𝜖 = 0.01) 
𝑂 : The original operation of the graph 
∗ : The final operation of the graph 
 

3.1.2. Variables 
The linear formulation is based on three sets of binary 
variables (𝐶𝑗r, 𝑏𝑗𝑗  and 𝑦𝑗 ,𝑗

𝑟,𝑐) and two continuous decision 
variables (𝑠𝑡𝑗 and 𝜙𝑗,𝑗𝑟 ): 

𝐶𝑗r = �1 𝑖𝑖 𝑄𝑝𝑒𝑟𝐶𝑡𝑖𝑄𝑛 𝑖 ∈ 𝐸 𝑖𝑠 𝐶𝑠𝑠𝑖𝑔𝑛𝑒𝑡 𝑡𝑄 𝑣𝑒ℎ𝑖𝑐𝑙𝑒 𝑟
0 𝑄𝑡ℎ𝑒𝑟𝑒𝑖𝑠𝑒                                                                

 

𝑏𝑗𝑗 = �1 𝑖𝑖 𝐶𝐶𝑐ℎ𝑖𝑛𝑒 𝑄𝑝𝑒𝑟𝐶𝑡𝑖𝑄𝑛 𝑖 𝑖𝑠 𝑝𝑟𝑄𝑐𝑒𝑠𝑠𝑒𝑡 𝑏𝑒𝑖𝑄𝑟𝑒 𝑗
0 𝑄𝑡ℎ𝑒𝑟𝑒𝑖𝑠𝑒                                                                      

 

𝑦𝑗 ,𝑗
𝑟,𝑐 = �

1 𝑖𝑖 𝐶 𝑖𝑙𝑄𝑒 𝑖𝑠 𝐶𝑠𝑠𝑖𝑔𝑛𝑒𝑡 𝑡𝑄 𝑣𝑒ℎ𝑖𝑐𝑙𝑒 𝑟
𝑖𝑟𝑄𝐶 𝑖 𝑡𝑄 𝑗 𝑒𝑖𝑡ℎ 𝑐 𝑙𝑄𝐶𝑡𝑒𝑡 𝑗𝑄𝑏𝑠

0 𝑄𝑡ℎ𝑒𝑟𝑒𝑖𝑠𝑒                                              
 

𝜙𝑗,𝑗𝑟  : value of the flow from 𝑖 to 𝑗, both assigned to 
vehicle 𝑟. 

𝑠𝑡𝑗 : the starting time of the operation 𝑖, 𝑠𝑡𝑗 ∈
[𝐸𝑆𝑗 ;𝑇𝑆𝑗] where 𝐸𝑆𝑗 is the earliest starting time 
of 𝑖 and 𝑇𝑆𝑗 its latest starting time. 

3.2. Constraints 
The linear formulation proposed below extends the MILP 
introduced by (Larabi, 2010) and contains four sets of 
constraints:  
• Conjunctive/disjunctive constraints (1-2): these 

constraints model both precedence constraints between 
pickup, delivery and machine-operations, and disjunctions 
between machine-operations. 

• Activity-On-Node (AON) Flow Constraints (3-4-5): a 
vehicle trip is modeled by a flow. These constraints 
model the resource consumptions at pickup and delivery 
operations. The constraints (3.1) and (3.2) represent the 
output flows at the dummy operations 0 and the input 
flows at the dummy node ∗, while constraints (5.1), (5.2), 
(5.3) and (5.4) represent the flow production and 
consumption at the delivery/pickup operations. 
Constraints (4.1) and (4.2) guarantee the feasibility of a 
pickup operation and a delivery operation that verify the 
vehicle capacity. 

• Relationship between AON-Flow Constraints and the 
transport disjunction (6-7-8). These constraints define the 
transport-operation and set the departure and arrival times 
of the vehicles. 

• Assigning vehicles to pickup and delivery operations (9). 
For the sake of convenience, all operations are numbered 
without distinction of machine-operation, pickup or delivery 
operation. If 𝑖 is a machine-operation, then 𝑖 − 1 is assumed to 
be a delivery operation and 𝑖 + 1 is a pickup operation; if 𝑖 is 
a delivery operation, than 𝑖 + 1 is a machine-operation and 
𝑖 − 1 is the pickup operation of the previous machine-
operation in the job sequence; and, finally, if 𝑖 is a pickup 
operation, than 𝑖 + 1 is a delivery operation and 𝑖 − 1 is 
machine-operation. 

Conjunctive/disjunctive constraints  
Conjunctive constraints for operations: these constraints 
ensure that an operation (machine, pickup or delivery) cannot 
start before the previous operation in the job is finished. These 
constraints guarantee that the operations of one job are 
performed according to the job sequence.  
(1.1)  𝑠𝑡𝑗 ≥ s𝑡𝑗−1 + 𝑝𝑡𝑗−1  ∀𝑖 ∈ 𝑇 
(1.2)  𝑠𝑡𝑗 ≥ s𝑡𝑗−1   ∀𝑖 ∈ 𝑈 
(1.3)  𝑠𝑡𝑗 ≥ 𝑠𝑡𝑗−1   ∀𝑖 ∈ 𝑂𝑀 ∖ 𝑂𝑀

𝑓  
 

Disjunctive constraints for machine-operations: these 
constraints ensure that if two machine-operations 𝑖 and 𝑗 are 
processed on the same machine, these operations cannot be 
processed at the same time.  
(2.1) 𝑠𝑡𝑗 ≥ 𝑠𝑡𝑗 + 𝑝𝑡𝑗 − 𝐻 × 𝑏𝑗𝑗    
  ∀𝑖 ∈ 𝑂𝑀,∀𝑗 ∈ 𝑂𝑀|𝜇𝑗 =  𝜇𝑗 
(2.2) 𝑠𝑡𝑗 ≥ 𝑠𝑡𝑗 + 𝑝𝑡𝑗 − 𝐻 × (1 − 𝑏𝑗𝑗)   
  ∀𝑖 ∈ 𝑂𝑀,∀𝑗 ∈ 𝑂𝑀|𝜇𝑗 =  𝜇𝑗 
(2.3) 𝑏𝑗𝑗 + 𝑏𝑗𝑗 = 1      
  ∀𝑖 ∈ 𝑂𝑀,∀𝑗 ∈ 𝑂𝑀|𝜇𝑗 =  𝜇𝑗 
 
AON-Flow Constraints  
Flow at the dummy operation of the graph: these constraints 
define the number of units of resource 𝑟, directly transferred 
from the dummy operation 0 to one pickup operation (or to the 
dummy operation ∗) and the number of units of resources 
transferred from one delivery operation (or from the dummy 
operation 0) to the dummy operation ∗. 
(3.1)  ∑ 𝜙0,𝑗𝑗∈𝐿∪{∗}

𝑟 = 𝐶𝑟 + 1  ∀𝑟 ∈ 𝑇 
(3.2)  ∑ 𝜙𝑗,∗𝑗∈𝑈∪{0}

𝑟 = 𝐶𝑟 + 1  ∀𝑟 ∈ 𝑇 
 
Vehicle capacity constraints: these constraints ensure that the 
total space required in the vehicles does not exceed the vehicle 
capacities. If 𝐶𝑗𝑟 = 1 (the delivery operation is assigned to 
vehicle 𝑟), the constraint 4.1 can be rewritten ∑ 𝜙𝑗,𝑗𝑟𝑗∈𝐸∪{0} ≤
𝐶𝑟 + 1 − 𝜖, implying that ∑ 𝜙𝑗,𝑗𝑟𝑗∈𝐸∪{0} < 𝐶𝑟 + 1: for one 
delivery operation, one job remains in the vehicle. If 𝐶𝑗𝑟 = 1, 
the constraint 4.2 can be rewritten ∑ 𝜙𝑗,𝑗𝑟𝑗∈𝐸∪{0} ≥ 1 + 𝜖, 
implying that ∑ 𝜙𝑗,𝑗𝑟𝑗∈𝐸∪{0} > 1: the number of jobs assigned 
to vehicle 𝑟 cannot exceed the vehicle capacity 𝐶𝑟. 
(4.1)  ∑ 𝜙𝑗,𝑗𝑟𝑗∈𝐸∪{0} ≤ 𝐶𝑟 + 1 − 𝜖 + (1 − 𝐶𝑗𝑟) × 𝐻  
 ∀𝑖 ∈ 𝑇,∀𝑗 ∈ 𝐸,∀𝑟 ∈ 𝑇 
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(4.2)  ∑ 𝜙𝑗,𝑗𝑟𝑗∈𝐸∪{0} ≥ 1 + 𝜖 − (1 − 𝐶𝑗𝑟) ∗ 𝐻  
  ∀𝑖 ∈ 𝑈,∀𝑗 ∈ 𝐸,∀𝑟 ∈ 𝑇 
 
Flow production and consumption: these constraints define 
the consumption of the flows at pickup operations (5.1 and 
5.2) or production at delivery operations (5.3 and 5.4).  
(5.1)  ∑ 𝜙𝑗,𝑗𝑟𝑗∈𝑇 ≥ ∑ 𝜙𝑙,𝑗𝑟  𝑙∈𝑇∪{0} − 𝑐𝑗𝑟 + (𝐶𝑗𝑟 − 1) ∗ 𝐻  
∀𝑖 ∈ 𝑇,∀𝑟 ∈ 𝑇 
(5.2)  ∑ 𝜙𝑗,𝑗𝑟𝑗∈𝑇 ≤ ∑ 𝜙𝑙,𝑗𝑟  𝑙∈𝐸∪{0} − 𝑐𝑗𝑟 + (1 − 𝐶𝑗𝑟) ∗ 𝐻
 ∀𝑖 ∈ 𝑇,∀𝑟 ∈ 𝑇 
(5.3)  ∑ 𝜙𝑗,𝑗𝑟𝑗∈𝑇∪{∗} ≥ ∑ 𝜙𝑙,𝑗𝑟  𝑙∈𝐸 + 𝑐𝑗𝑟 + (𝐶𝑗𝑟 − 1) ∗ 𝐻
 ∀𝑖 ∈ 𝑈,∀𝑟 ∈ 𝑇 
(5.4)  ∑ 𝜙𝑗,𝑗𝑟𝑗∈𝑇∪{∗} ≤ ∑ 𝜙𝑙,𝑗𝑟  𝑙∈𝐸 + 𝑐𝑗𝑟 + (𝐶𝑗𝑟 − 1) ∗ 𝐻
 ∀𝑖 ∈ 𝑈,∀𝑟 ∈ 𝑇 
 
When 𝐶𝑗𝑟 = 1 (vehicle 𝑟 is assigned to operation 𝑖), 
constraints (5.1)-(5.4) can be rewritten as: 
∑ 𝜙𝑗,𝑗𝑟𝑗∈𝑇 ≥ ∑ 𝜙𝑙,𝑗𝑟  𝑙∈𝑇∪{0} − 𝑐𝑗𝑟          ∀𝑖 ∈ 𝑇,∀𝑟 ∈ 𝑇 
∑ 𝜙𝑗,𝑗𝑟𝑗∈𝑇 ≤ ∑ 𝜙𝑙,𝑗𝑟  𝑙∈𝐸∪{0} − 𝑐𝑗𝑟          ∀𝑖 ∈ 𝑇,∀𝑟 ∈ 𝑇 
∑ 𝜙𝑗,𝑗𝑟𝑗∈𝑇∪{∗} ≥ ∑ 𝜙𝑙,𝑗𝑟  𝑙∈𝐸 + 𝑐𝑗𝑟         ∀𝑖 ∈ 𝑈,∀𝑟 ∈ 𝑇 
∑ 𝜙𝑗,𝑗𝑟𝑗∈𝑇∪{∗} ≤ ∑ 𝜙𝑙,𝑗𝑟  𝑙∈𝐸 + 𝑐𝑗𝑟         ∀𝑖 ∈ 𝑈,∀𝑟 ∈ 𝑇 
 
These constraints imply that: 
• ∑ 𝜙𝑗,𝑗𝑟𝑗∈𝑇 = ∑ 𝜙𝑙,𝑗𝑟  𝑙∈𝑇∪{0} − 𝑐𝑗𝑟  due to constraints (5.1)-

(5.2) and asserts that the number of jobs assigned to 
vehicle 𝑟 decreases at each delivery operation 

• ∑ 𝜙𝑗,𝑗𝑟𝑗∈𝑇∪{∗} = ∑ 𝜙𝑙,𝑗𝑟  𝑙∈𝐸 + 𝑐𝑗𝑟  due to constraints (5.3)-
(5.4) and asserts that the number of jobs assigned to 
vehicle 𝑟 increases for each pickup operation 

 
Relationship between AON-Flow constraints and transport 
disjunction 
Transport-operation: the constraint applies variable splitting 
to the flow 𝜙𝑗,𝑗𝑟  into binary variables 𝑦𝑗,𝑗

𝑟,𝑐 and ensures that a 
non-null flow 𝜙𝑗,𝑗𝑟  taking a value in [1,𝐶𝑟 + 1 ] leads to a 
unary expansion considering binary variables 𝑦𝑗 ,𝑗

𝑟,𝑐.   
(6) ∑ (𝐶𝑟 + 1 − 𝑘𝐶𝑟

𝑘=0 ) × 𝑦𝑗 ,𝑗
𝑟,𝑘 = 𝜙𝑗,𝑗𝑟   

 ∀𝑟 ∈ 𝑇; 𝑖 ∈ 𝑇 ∪ {0;∗}; 𝑗 ∈ 𝑇 ∪ {0;∗} 
 
For example, with a vehicle of capacity 2, (6) can be rewritten 
as: 3 × 𝑦𝑗 ,𝑗

𝑟,0 + 2 × 𝑦𝑗,𝑗
𝑟,1 + 𝑦𝑗,𝑗

𝑟,2 = 𝜙𝑗,𝑗𝑟 . If 𝜙𝑗,𝑗𝑟 = 2, constraint 
(6) plus constraints (7.1)-(7.2) imply 𝑦𝑗,𝑗

𝑟,1 = 1, meaning that 
the vehicle transports one job only. 
 
Unicity of a transport-operation on each pickup/delivery 
operation: these constraints guarantee that for each pickup or 
delivery operation 𝑖, one and only one transport-operation has 
the destination 𝑖, and one and only one has the origin 𝑖. 
(7.1)  ∑ ∑ ∑ 𝑦𝑗,𝑗

𝑟,𝑐 = 1𝑗∈𝑇∪{0}
𝐶𝑟+1
𝑐=0𝑟∈𝑅           ∀𝑖 ∈ 𝑇 

(7.2)  ∑ ∑ ∑ 𝑦𝑗 ,𝑗
𝑟,𝑐 = 1𝑗∈𝑇∪{∗}

𝐶𝑟+1
𝑐=0𝑟∈𝑅            ∀𝑖 ∈ 𝑇 

 
Disjunctive constraints for pickup/delivery operations: this 
constraint prevents pickup/delivery operations 𝑖 and 𝑗 
(assigned to the same vehicle) from being scheduled 
simultaneously. 
(8)  𝑡𝑗 ≥ 𝑡𝑗 + 𝑡𝑡𝜇𝑖,𝜇𝑗

𝑟,𝑐 − �1 − 𝑦𝑗,𝑗
𝑟,𝑐� × 𝐻   

 ∀𝑖, 𝑗 ∈ 𝑇2,∀𝑟 ∈ 𝑇,∀𝑐 ∈ [0;𝐶𝑟] 
If 𝑦𝑗 ,𝑗

𝑟,𝑐 = 1, then constraint (8) can be rewritten as 
𝑡𝑗 ≥ 𝑡𝑗 + 𝑡𝑡𝜇𝑖,𝜇𝑗

𝑟,𝑐 , assuming that operation 𝑗 cannot start before 
the vehicle has started operation 𝑖 plus the transportation time 
from 𝜇𝑗 to 𝜇𝑗.  

 
Vehicle assignment  
Unicity of the assignation of the vehicle: One and only one 
vehicle must be assigned to each pickup/delivery operation 
(9.1). Moreover, a pickup operation 𝑖 must be assigned to the 
same vehicle as the delivery operation 𝑖 + 1 (9.2). If 𝐶𝑗𝑟 = 1, it 
means that operation 𝑖 is assigned to vehicle 𝑟 and one 
variable 𝑦𝑗 ,𝑗

𝑟,𝑐 exists with a value of 1 when 𝑖 is a pickup 
operation and 0 otherwise (9.3), and if 𝑖 is a delivery 
operation, one variable 𝑦𝑗,𝑗

𝑟,𝑐 exists with a value of 1 (9.4). 
(9.1) ∑ 𝐶𝑗𝑟 = 1𝑟∈𝑅         ∀𝑖 ∈ 𝑇 
(9.2) 𝐶𝑗𝑟 = 𝐶𝑗+1𝑟         ∀𝑖 ∈ 𝑇,∀𝑟 ∈ 𝑇  
(9.3) 𝐶𝑗𝑟 =  ∑ ∑ 𝑦𝑗,𝑗

𝑟,𝑐𝐶𝑟
𝑐=0𝑗∈𝑇∪{∗}           ∀𝑖 ∈ 𝑇,∀𝑟 ∈ 𝑇 

(9.4) 𝐶𝑗𝑟 =  ∑ ∑ 𝑦𝑗,𝑗
𝑟,𝑐𝐶𝑟

𝑐=0𝑗∈𝑇∪{0}           ∀𝑖 ∈ 𝑈,∀𝑟 ∈ 𝑇 
 
Constraints concerning the subtours 
Constraint (10) prevents the looping of subtours using the 
classical Dantzig-Fulkerson-Johnson subtour elimination 
constraints. 
(10)  ∑ 𝑏𝑗,𝑗 < |𝑃𝑚

𝑘,𝑗|𝑗∈𝑃𝑚
𝑘,𝑖,𝑗∈𝑃𝑚

𝑘,𝑖   

 ∀𝑃𝑚
𝑘,𝑗  ∀𝐶 ∈ 𝑀, ∀ 𝑘, 𝑖 ∈ ℕ2  

where 𝑃𝑚 = {𝑖 ∈ 𝑈|𝜇𝑗+1 = 𝐶} ∪ {𝑖 ∈ 𝑇|𝜇𝑗−1 = 𝐶}  ∀𝐶 ∈ 𝑀, 
where 𝑃𝑚

𝑘,𝑗 is the ith subset containing exactly 𝑘 operations. In 
each subset 𝑃𝑚

𝑘,𝑗 , subtours are prevented, ensuring that the 
number of arcs in 𝑃𝑚

𝑘,𝑗 that are selected (𝑏𝑗,𝑗 = 1) is smaller 
than the number of operations in 𝑃𝑚

𝑘,𝑗. 

3.3. Objective function 
The objective function concerns the makespan minimization 
and the Quality of Service maximization with the 𝑄𝑄𝑆 =
  1
𝛽.𝑇𝑇+𝛾.𝑇𝑅𝑇+𝛿.𝑇𝑇𝑇

 . Accordingly, minimizing the makespan 
and maximizing the QoS can be formulated as follows (see 
Section 2.3): 
𝐹(𝐶) = 𝛼.𝐶𝑚𝑐𝑥 + β. 1

𝑄𝑐𝑄
  

with 𝐶𝑚𝑐𝑥 =  max𝑗∈𝐽 �𝑠𝑡𝑗,𝑛𝑖 + 𝑝𝑡𝑗,𝑛𝑖� 
 

4. Proposed approach: a new evaluation 
function of the disjunctive graph 
To a given disjunctive graph, where machine-operations are 
sequenced and where transport-operations are assigned to 
vehicles and sequenced, the objective is to compute the 
minimal makespan of this solution and the maximal Quality of 
Service as it is defined Section 2.3. 

The classical evaluation functions of a disjunctive graph are 
longest path based algorithms (see (Lacomme et al., 2007), 
(Caumond et al., 2008)) leading to a left-shifted solution 
(referred to as semi-active solution) where all operations start 
at the earliest possible date, to minimize the makespan.  
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In the next section, a new evaluation function is introduced to 
simultaneously minimize the makespan and maximize the 
Quality of Service. 

4.1. TLH evaluation: a Cordeau and Laporte- like 
algorithm for the JSPR 
The proposed evaluation, the Time-Lag Heuristic (TLH), 
sequentially computes the earliest starting times of each 
operation in order to minimize the makespan, and then 
successively minimizes the Total Duration (TD), the Total 
Riding Time (TRT) and the Total Waiting Time (TWT) (see 
definitions, Section 2.3). This greedy approach was first 
introduced by (Cordeau and Laporte, 2003) for the DARP: 
four steps consecutively minimize the four criteria by 
updating the starting times of the operations, while the 
deterioration of the objective function is prevented using 
maximal time-lags that are iteratively added into the graph. 
Consistent with (Cordeau and Laporte, 2003), the proposed 
TLH evaluation is composed of four steps: 
• step 1. Makespan minimization;  
• step 2. Total Duration minimization; 
• step 3. Total Riding time minimization; 
• step 4. Total Waiting time minimization. 

4.2 TLH evaluation 
A graph evaluation assigns a starting time 𝑠𝑡𝑗 to each 
operation 𝑖 with 𝑠𝑡𝑗 ∈ [𝐸𝑆𝑗; 𝑇𝑆𝑗], where 𝐸𝑆𝑗  is the earliest 
starting time of 𝑖 and 𝑇𝑆𝑗 is its latest starting time. The longest 
path 𝑇𝑃𝑗𝑗 between two operations 𝑖 and 𝑗 is 𝑇𝑃𝑗𝑗 = 𝑇𝑆𝑗 − 𝐸𝑆𝑗 , 
and the theoretical shortest path 𝑆𝑃𝑗𝑗  is 𝑆𝑃𝑗𝑗 = 𝐸𝑆𝑗 − 𝑇𝑆𝑗. It is 
important to note that the 𝑆𝑃𝑗𝑗  can be impossible in the graph 
due to disjunctive constraints or without increasing the 
makespan. We define the path between the operations 𝑖 and 𝑗 

as 𝑙𝑗𝑗 = 𝑠𝑡𝑗 − 𝑠𝑡𝑗 with 𝑙𝑗𝑗 ∈ [𝑆𝑃𝑗𝑗 ;𝑇𝑆𝑗𝑗]. A classical evaluation 
of a graph with a Bellman-Ford algorithm gives 𝑠𝑡𝑗 = 𝐸𝑆𝑗 and 
𝑠𝑡𝑗 = 𝐸𝑆𝑗 . A Bellmann-Ford path 𝐵𝐹𝑃𝑗𝑗  is therefore defined 
from operation 𝑖 to operation 𝑗 as 𝐵𝐹𝑃𝑗𝑗 = 𝐸𝑆𝑗 − 𝐸𝑆𝑗  and 
𝐵𝐹𝑃𝑗𝑗 ∈ [𝑆𝑃𝑗𝑗 , 𝑇𝑃𝑗𝑗]. Since 𝑆𝑃𝑗𝑗  is a theoretical lower bound, a 
minimal lower bound 𝑆𝑃𝑀𝑗𝑗 ∈ [𝑆𝑃𝑗𝑗 ,𝐵𝐹𝑃𝑗𝑗] exists such that 
𝑆𝑃𝑀𝑗𝑗 = 𝑠𝑡𝑗 − 𝑠𝑡𝑗 is the shortest path possible between 𝑖 and 
𝑗, maintaining all disjunction constraints and without 
increasing the makespan. Minimizing the QoS criteria leads to 
finding 𝑠𝑡𝑗 and 𝑠𝑡𝑗 that minimize 𝑙𝑗𝑗  so that 𝑙𝑗𝑗 = 𝑆𝑃𝑀𝑗𝑗 . This 
minimization step is completed by the insertion of time-lags in 
the graph, which is one of the key points of the proposed TLH 
evaluation. 

Fig. 8 illustrates the consequence of a maximal time-lag 
insertion between two operations that are left-shifted (𝑠𝑡𝑗 =
𝐸𝑆𝑗  and 𝑠𝑡𝑗 = 𝐸𝑆𝑗). The initial path 𝑙𝑗𝑗 , which is also the 
Bellmann-Ford path 𝐵𝐹𝑃𝑗𝑗 , has a value of 𝑙𝑗𝑗 = 𝐵𝐹𝑃𝑗𝑗  =
 𝑠𝑡𝑗 − 𝑠𝑡𝑗 (part 1). Adding a maximal time-lag of value –𝑇𝑇𝑗𝑗  
should induce a right-shift 𝛿 of 𝑖 (with a value of 𝛿 =
𝑀𝐶𝐶 (0; 𝑠𝑡𝑗 − 𝑇𝑇𝑗𝑗 − 𝑠𝑡𝑗)), meaning that the starting time of 𝑖 
must be updated. If the path from 𝑖 to 𝑗 has a value of 𝑙𝑗𝑗 =
 𝑠𝑡𝑗 − 𝑠𝑡𝑗 less than 𝑇𝑇𝑗𝑗  (𝛿 = 0), the difference between the 
two dates 𝑠𝑡𝑗 and 𝑠𝑡𝑗 complies with the time-lag 𝑇𝑇𝑗𝑗  and no 
update of 𝑠𝑡𝑗 is required. An update of 𝑠𝑡𝑗 occurs when the 
maximal time-lag is lower than 𝑙𝑗𝑗 , as illustrated in Fig. 8 
where 𝑠𝑡𝑗 +  𝑇𝑇𝑗𝑗 < 𝑠𝑡𝑗. Accordingly, if the graph remains 
acyclic, then the difference between the starting time of 𝑗 (and, 
consequently, the finishing time) and the starting time of 𝑖 has 
been reduced. In order to find the optimal value 𝑆𝑃𝑀𝑗𝑗 , a 
greedy heuristic is used during Steps 2, 3 and 4 of the TLH 
evaluation. 

 
Fig. 8. The path between two operations is shortened by the time-lag max. 

The first step of the proposed algorithm computes the earliest 
starting time of each operation thanks to a Bellman-Ford-like 
longest path algorithm. After evaluation of the starting time 
defining a semi-active solution, a maximal time-lag is added 
from the dummy operation ∗ to the dummy operation 0 in 
order to avoid an increasing makespan during the following 
steps, and this maximal time-lag is modeled by an arc with a 
negative value equal to the makespan (see Fig. 9 (the 𝐸𝑆𝑗/𝑇𝑆𝑗 
times of each operation 𝑖 are shown in bold).  

The second step of the TLH evaluation consists in 
minimization the Total Duration by sequentially adding a 
maximal time-lag with the minimal value between the last 
machine-operation and the first machine-operation of each 
job. The order of time-lag insertion is the lexicographic order. 
Since the operations are left-shifted (Step 1), adding a 
maximal time-lag 𝑇𝑇𝑗,𝑗 from 𝑗 to 𝑖 with a positive value (but 
modeled by an arc with a negative value) can delay the 
starting time of operation 𝑖, whereas operation 𝑗 cannot start 
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earlier (because 𝑗 is previously left-shifted). The minimal 
value assigned to the time-lag is a challenging problem 
addressed in Section 4.3. 

The third step of the TLH evaluation concerns the 
minimization of the Total Riding Time by adding maximal 
time-lags between machine-operations 𝑂𝑗 ,𝑗 and their pickup 
operation 𝑃𝑗,𝑗−1. Similarly to the second step, the value of the 
time-lags must be minimal, and must not create a cycle in the 
graph: the time-lags are iteratively added following the 
reverse trips of the vehicles. 

The fourth step of the procedure consists in minimizing the 
Total Waiting Time, similarly to the second and third steps. 
The maximal time-lags are added between machine-operations 

𝑂𝑗,𝑗 and their delivery operations 𝐷𝑗 ,𝑗 and between pickup 
operations 𝑃𝑗,𝑗 and their machine-operation 𝑂𝑗,𝑗.  The time-
lags are iteratively added following the reverse trips of the 
vehicles. 

It is important to note that at each insertion (for all steps) of a 
time-lag, the lowest possible value is computed in order to 
minimize the criteria according to a greedy approach. 
According to (Caumond et al., 2008), the assignment of values 
to the maximal time-lags can lead to a cyclic graph (unfeasible 
solution) and computation of one “correct” value to a time-lag 
is a challenging problem that is tackled in Section 4.3.

 
Fig. 9. Times-lag after step 1 (Makespan computation). 

 

4.3 Value of the maximal Time-lags 
The selection of the value of the maximal time-lags is a key 
point of the TLH evaluation and a difficult problem, since 
during this step of the TLH evaluation, some time-lags can 
lead to a cyclic graph and an iterative process is required to 
find the minimal values that lead to an acyclic graph. 

The minimal value 𝑆𝑃𝑗𝑗  of a time-lag 𝑇𝑇𝑗𝑗 (this value is 
positive, but a maximal time-lag is modeled by an arc with a 
negative value) from operation 𝑗 to operation 𝑖 is the 
difference between the latest starting time 𝑇𝑆𝑗 of 𝑖 and the 
earliest starting time 𝐸𝑆𝑗 of 𝑗.  

Proposition 1. Given an insertion position for a maximal 
time-lag 𝑇𝑇𝑗𝑗  from 𝑗 to 𝑖, the minimal value (which is equal to 
𝑆𝑃𝑀𝑗𝑗) of the maximal time-lag, without generating a cycle in 
the graph, is 𝑇𝑇𝑗𝑗 = 𝐸𝑆𝑗 − 𝑇𝑆𝑗 where 𝑇𝑆𝑗 and 𝐸𝑆𝑗 verify that: 

1) 𝑇𝑆∗ ≔ 𝐸𝑆∗ and 𝑇𝑆𝑗 ≔ 𝐸𝑆𝑗 

2) ∀𝑘 𝑇𝑆𝑘 ≔ min𝑢∈𝑄𝑢𝑐𝑐(𝑘)(𝑇𝑆𝑢 − 𝑙𝑢𝑘)  

with 𝑙𝑢𝑘 = 𝑝𝑡𝑘  ||  𝑙𝑢𝑘 = 𝑇𝑇𝑘𝑢 

Proof. This proposition is directly deduced from the definition 
of the earliest and the latest starting times. 

The minimal value of a maximal time-lag that avoids the 
generation of cycle in the graph is given by Proposition 1, and 
so the TLH evaluation consists in an iterative search 
procedure where the value of the inserted maximal time-lag is 
updated based on cycle detection. The promoted strategy is a 
bottom-up strategy where the maximal time-lags are first 
initialized with the lowest possible value and iteratively 
increased. The procedure to compute the minimal time-lag 
value is introduced in Algorithm 1. 

Concerning the second step of the TLH evaluation, i.e., the 
Total Duration minimization, the lowest value of the maximal 
time-lag of a job 𝐽𝑗 is the sum of all the operations 𝑂𝑗,𝑗   ∀𝑗 ∈
{1 … 𝑛𝑗} belonging to the sequence, plus the traveling times 
between the machines where the operations 𝑂𝑗,𝑗 ∀𝑗 ∈ {1 …𝑛𝑗} 
are processed. 

Solutions are based on Bierwirth’s vector and so no positive 
cycle length is possible in the disjunctive graphs due to an 
incorrect orientation of the edges but can only be induced by 
an improper value assignment to a maximal time-lag 
(Caumond et al., 2008). The representation of a solution is 
explained in Section 4.4. Hence, to avoid a cyclic graph, the 
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graph is evaluated at each insertion of a time-lag, and if a 
cycle is detected, the value of the maximal time-lag is 
increased to the value 𝛿 of the cycle length. The value 𝛿 is the 

minimal value required to update the maximal time-lag, but 
there is no guarantee that one iteration only is required since 
several cycles can exist simultaneously. 

Procedure: Compute the minimal time-lag value  
1.  procedure  
2.  global parameters 
3.   𝐸𝑆 for all operations 
4.   𝐺: the graph 
5. input parameters 
6.   𝑖 and 𝑗 
7.  output parameter 
8.   𝑇𝑇𝑗,𝑗: the value of the time-lag from 𝑗 to 𝑖 
9.  begin 
10.  𝑇𝑆∗ ≔ 𝐸𝑆∗  //the dummy final operation 
11.  𝑇𝑆𝑗 ≔ 𝐸𝑆𝑗 
12.  for ∀𝑘 ∈ 𝑉 do 
13.    𝑙𝑢𝑘 = 𝑝𝑡𝑘  ||  𝑙𝑢𝑘 = 𝑇𝑇𝑘𝑢  
14.       𝑇𝑆𝑘 ≔ min𝑢∈𝑄𝑢𝑐𝑐(𝑘)(𝑇𝑆𝑢 − 𝑙𝑢𝑘)  
15.  end for   
16.  𝑇𝑇𝑗𝑗 = 𝐸𝑆𝑗 − 𝑇𝑆𝑗 
17.  end  

Algorithm 1. Compute the minimum time-lag value 

 
Fig. 10. Insertion for a time-lag leading to a cycle graph. 

 

Fig. 10 illustrates a cyclic graph due to the insertion of a 
maximal time-lag during the second step of the TLH 
evaluation from 𝑂1,3 to 𝑂1,1 with the value: −𝑇𝑇𝑂1,3,𝑂1,1 =
−(𝐸𝑆𝑂1,3 − 𝑇𝑆𝑂1,1) = −46. The value 46 assigned to 
𝑇𝑇𝑂1,3,𝑂1,1 is the sum of the arcs of the path (given in bold) 
from 𝑂1,1 to 𝑂1,3 in Fig. 12, calculated as follows: =
−(5 + 8 + 0 + 9 + 12 + 2 + 10) = −46. 

The cycle in Fig. 10 encompasses the operations 𝑂1,3, 𝑂1,1, 
𝑃1,1, 𝐷1,2, 𝑂1,2, 𝑂2,2, 𝑃2,2, 𝐷1,3, and its length  𝛿 is the sum of 
all the arcs, 𝛿 = −46 + 5 + 8 + 0 + 9 + 13 + 10 + 0 =  2. If 
the value of the time-lag from 𝑂1,3 to 𝑂1,1 is increased by 2, 
then this cycle is prevented (Fig. 11). The insertion of a 
maximal time-lag can lead to several cycles and, in this case, 
the 𝛿 considered should be iteratively increased as long as a 

cycle is detected. Therefore, the earliest starting time of 
operation 𝑂1,1 is modified from 12 (Fig. 10) to 10 (Fig. 11).  

Fig. 11 illustrates the graph at the end of Step 2, which is 
dedicated to the Total Duration minimization where the time-
lags are iteratively inserted in lexicographic order. The Total 
Duration is reduced from 168 (Fig. 12) to 154 in Fig. 11. 
𝑇𝐷𝑐𝑡𝑠𝑘2 = (58 − 10) + (64 − 4) + (46 − 0) = 154. 

The third step concerns the minimization of the Total Riding 
Time. Fig. 12 gives the graph at the end of this step where the 
time-lags are iteratively added following the reverse trips of 
the vehicles. Each time-lag 𝑇𝑇𝑗𝑗 where 𝑖 represents a machine-
operation 𝑂𝑥,𝑦 and 𝑗 a pickup operation 𝑃𝑥−1,𝑦 is initialized by 
the traveling time from machine 𝜇𝑂𝑥−1,𝑦   to machine 𝜇𝑂𝑥,𝑦 . The 
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graph is evaluated and if a cycle is detected, the time-lag value 
is increased similarly to the second step of the TLH 
evaluation. For example, the shortest path between 𝑃1,2 and 

𝑂1,3 has a value of 24 (12+2+10) without considering any 
maximal time-lag. However, 𝑇𝑇𝑂1,3,𝑂1,2 = −26 since a smaller 
value leads to a cyclic graph.

 
Fig. 11. Time-lags after Step 2 (Total Duration). 

 
Fig. 12. Time-lags after Step 3 (Total Riding Time). 

 

Fig. 13 illustrates the graph at the end of the fourth step of 
the procedure, which consists in minimizing the Total Waiting 
Time. The time-lags are iteratively added following the 
reverse trips of the vehicles. Each time-lag 𝑇𝑇𝑗𝑗  with 𝑗 
representing a machine-operation 𝑂𝑥,𝑦 is initialized to 0 
(because the unloaded time is null) and iteratively increased if 

a cycle is detected during the insertion. Each time-lag 𝑇𝑇𝑗𝑗 
with 𝑗 representing a pickup operation 𝑃𝑥,𝑦 is initialized to 
𝑝𝑡𝑥,𝑗, which is the processing time of the machine-operation 
𝑂𝑥,𝑦, a cycle detection is once again required and the value of 
the time-lag can be increased if a cycle is detected. 
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Fig. 13. Time-lags after Step 4 (Total Waiting Time). 

 
Fig. 14. Gantt chart of the final solution of the TLH evaluation (𝐶𝐶𝐶𝐶=75, TD=154, TRT=90, TWT=17) 

 

As illustrated in Table 2, the method sequentially minimizes 
the makespan (whose value is 75 in the example of Fig. 12), 
the Total Duration at Step 2, the Total Riding Time at Step 3 
(which decreases from 95 to 90), and the Total Waiting Time 
at Step 4, which is reduced from 35 to 17.  

Table 2 
Iterations of the TLH evaluation. 
 𝐶𝐶𝐶𝐶 TD TRT TWT 
Step1 75 168 95 35 
Step2 75 154 91 21 
Step3 75 154 90 19 
Step4 75 154 90 17 
 

The Gantt chart of the new solution is introduced on the Fig. 
14. This solution provides the same makespan than solution of 
Fig. 5 but strongly differs from the starting times of both 
machine-operations and transport-operations. For example, 
job 𝐽1 on the Fig. 5 starts its sequence of treatment à time 0 
(first operation on machine 𝑀2 of job 𝐽1) and the last operation 
of job 𝐽1 on the machine 𝑀1 is finished at time 70. By 
consequence, the Total Duration of 𝐽1 on the solution of Fig 4, 
values 70.  

For the solution of Fig. 14, the Total Duration of job 𝐽1 values 
60 since the last operation is finished on machine 𝑀1 at time 
72, and the first operation starts at time 12. Several machine-
operations and transport-operations of 𝐽1 have been shifted on 
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the right to maximize the QoS. Similar remark hold for job 𝐽2, 
which has the first machine-operation scheduled at time 4 on 
the solution stressed on Fig. 14 and at time 0 on the solution 
stressed on Fig. 5. 

Non left-shifted operations are the characteristics of non semi-
active solutions where the starting time of both machine-
operations and transport-operations are computed to maximize 
the QoS. 

4.4. TLH evaluation included in a metaheuristic 
TLH evaluation is an evaluation of a disjunctive graph and 
can be included in a metaheuristic in order to explore the 
search space.  

The TLH evaluation has been included into a classical 
GRASP×ELS metaheuristic with an indirect representation 
which is introduced by (Chassaing et al., 2014)  for the Job-
Shop and by (Kemmoé et al., 2016) for the Job-Shop with 
extensions. Both approache takes advantages of: 

• an appropriate representation of a solution based on 
Bierwirth’s vector, plus an assignment vector 𝑖or the 
vehicles (indirect representation) (Lacomme et al., 2013); 

• a decoding function (mapping function) based on a longest 
path evaluation (Lacomme et al., 2013); 

• defining a feature to work on coding space and solution 
space alternatively, favoring a local search (Larabi, 2010); 

• defining a local search process avoiding premature trap 
into local minima (Lacomme et al., 2013) (Larabi, 2010). 

Commonly used evaluation functions lead to left-shifted 
solutions for both machine-operations and transport-
operations. The mapping function is now defined with the 
TLH function to provide solution that minimize the makespan 
first and maximize the QoS second. 

5. Computational evaluations 

5.1. Experiments and introduction of the instances 
The first experiment (section 5.2) concerns instances with a 
unitary capacity vehicle and is composed of three studies:  
• The first one provides a comparative study of the TLH 

evaluation function included in a GRASP×ELS 
metaheuristic, with the objective to minimize the 
makespan only. This approach is referred to as the JSPT. 

• The second study consists of an evaluation of the best 
solution found for the JSPT (makespan minimization only) 
considering the TD, the TRT and the TWT to evaluate the 
QoS. A comparative study with the best solution found 
during the resolution of the JSPR by the TLH evaluation 
function included in a GRASP×ELS, with the objective to 
minimize the makespan and maximize the QoS, is 
provided. 

• The third study evaluates the capacity of the TLH 
evaluation to rapidly find suboptimal solutions as regards 
the exact evaluation of the graph using a linear formulation 
with CPLEX. 
 

The second experiment (section 5.3) concerns non-unitary 
capacity vehicles and includes two studies:  

• The first one consists of a comparison between the 
resolutions of the JSPT and of the JSPR in terms of both 
makespan and QoS. 

• The second study is an evaluation with CPLEX of the 
capacity of the TLH method to find quality solutions for 
graph evaluation. 

The third experiment (section 5.4) is a sensitive analysis of the 
TLH evaluation and is conducted on the order in which time-
lags have to be processed during the TLH evaluation.  

All the experiments have been conducted under the same 
conditions. 
• All details of the results are available on the web pages 

http://fc.isima.fr/~gondran/JSPT/tlh.html 
• The computational evaluations are performed under 

Windows 7 on a 3.60 GHz Intel Core i7-4790 computer 
with 16.0 GB RAM, which is equivalent to 2671 MFlops 
according to Dongarra 
(http://www.roylongbottom.org.uk/linpackresults.htm). 

• TLH evaluation is included in a GRASP×ELS 
metaheuristic, both have been implemented in C++. The 
number of GRASP iterations is 200, the number of ELS 
iterations is 60 and the number of neighborhoods in the 
ELS is 30. Each experiment is carried out five times to 
limit the random influence on the results.  

5.1.1 Instances for the Job-Shop with Routing 
To the best of our knowledge, no instance is available and 
dedicated to the job-shop with routing, particularly 
considering several vehicles with non-unitary capacity. A new 
set of instances is introduced and is based on Bilge and 
Ulusoy’s instances (Bilge and Ulusoy, 1995) that were first 
introduced for the JSPT with two vehicles of unitary capacity.  

These instances are composed of two datasets: the first one 
includes the instances with a ratio between transportation time 
𝑡𝑗𝑘 and processing time 𝑝𝑘 greater than 0.25 (tik/pk  > 0.25), 
and the second dataset contains the instances with 𝑡𝑗𝑘/𝑝𝑘 ≤
0.25. All these instances are generated considering ten jobsets 
and four layouts and they define a set 𝐷1 of 40 instances for 
the first dataset and 42 for the second dataset (𝐷2). The 
instances of dataset 1 are referred to as EXxy, where 𝐶 is the 
jobset used and y the layout considered. For the second 
dataset, the instances are referred to as 𝐸𝑋𝑥𝑦𝑥, where 𝑧 is an 
extra digit with a value of 0 if the transportation times are 
halved and the process times are doubled or a value of 1 if the 
transportation times are halved and the process times are 
tripled. 

In Bilge and Ulusoy’s instances, the two vehicles have the 
same transportation times and these transportation times are 
both vehicle- and load-independent. These instances are 
extended for the second experiments with several non-unitary 
capacity vehicles. In this case, two vehicles with a capacity of 
two jobs are considered, and every job has the same volume. 
The processing time of the machine-operations and 
transportation times are similar to the classical instances.  

http://fc.isima.fr/~gondran/JSPT/tlh.html
http://www.roylongbottom.org.uk/linpackresults.htm
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5.1.2 GRASP×ELS including the TLH evaluation 
The TLH evaluation is included in a GRASP×ELS 
metaheuristic in order to minimize the makespan and to 
maximize the Quality of Service (QoS) with ℎ𝑄𝑂𝑄(𝑦) =
1/ℎ𝑐𝑐𝑐𝑡(𝑦) where (𝛼;  𝛽) models the relative importance of 
the makespan and of the QoS. The objective function to 
minimize is defined as follows: 

𝐹(𝑦) = 𝛼 × ℎ𝑐𝑚𝑐𝑥(𝑦) + 𝛽 × ℎ𝑐𝑐𝑐𝑡(𝑦) 
where: 
• 𝑦: a solution to the problem; 
• ℎ𝑐𝑚𝑐𝑥(𝑦) =  𝐶𝐶𝐶𝐶 of the solution 𝑦, i.e., the makespan of 

𝑦; 
• ℎ𝑐𝑐𝑐𝑡(𝑦) = 𝑇𝐷(𝑦) + 𝑇𝑇𝑇(𝑦) +  𝑇𝑇𝑇(𝑦), which are the 

Total Duration, the Total Riding Time and the Total 
Waiting Time of solution 𝑦, respectively; 

• ℎ𝑄𝑂𝑄(𝑦) = 1/ℎ𝑐𝑐𝑐𝑡(𝑦) is the Quality of Service of 𝑦.  

Thanks to the structure of the objective function, 𝐹(𝑦) = 𝛼 ×
ℎ𝑐𝑚𝑐𝑥(𝑦) + 𝛽 × ℎ𝑐𝑐𝑐𝑡(𝑦), used in the GRASP×ELS, the 
metaheuristic can solve the Job-Shop with Transport (JSPT) 
(minimizing the makespan only) and the Job-Shop with 
Routing (JSPR) (minimizing the makespan and maximizing 
the Quality of Service). For the resolution of the JSPT, the 
objective function is defined with 𝛼 = 1 and 𝛽 = 0 and the 
evaluation corresponds so to a left-shifted evaluation. For the 
resolution of the JSPR, the objective function is defined with 
𝛼 = 10,000 and 𝛽 = 1, i.e., the makespan is minimized and 
the Quality of Service is maximized at each iteration of the 
GRASP×ELS.   

5.1.3 Notations 
Let us define:  
ℎ𝑘
𝑗,𝑗(𝑦): The best solution found for instance 𝑖, during 

replication 𝑗, for criteria 𝑘 ∈ {𝑐𝐶𝐶𝐶; 𝑐𝑄𝑠𝑡}; 
ℎ𝑘
𝑗,∗(𝑦)  = min 𝑗∈{1,…,𝑛}(ℎ𝑘

𝑗,𝑗(𝑦)): the best solution 
found for instance 𝑖 during the 𝑛 replications, 
for criteria 𝑘 ∈ {𝑐𝐶𝐶𝐶; 𝑐𝑄𝑠𝑡}; 

ℎ𝑘
𝑗,𝑛(𝑦)  = avg 𝑗∈{1,…,𝑛}(ℎ𝑘

𝑗,𝑗(𝑦)): the average value of 
the best solutions found of instance 𝑖 for each 
replication 𝑖 ∈ {1, … ,𝑛}, for criteria 𝑘 ∈
{𝑐𝐶𝐶𝐶; 𝑐𝑄𝑠𝑡}; 

ℎ𝑘
𝑥,∗(𝑦)���������  =  avg 𝑗∈{𝑥}(ℎ𝑘

𝑗,∗(𝑦)): the average value of the 
best solutions found for all instances of 
𝑧 ∈ {𝐷1;𝐷2}  during the 𝑛 replications, for 
criteria 𝑘 ∈ {𝑐𝐶𝐶𝐶; 𝑐𝑄𝑠𝑡}; 

ℎ𝑘
𝑥,𝑛(𝑦)���������  =  avg 𝑗∈{𝑥}(ℎ𝑘

𝑗,𝑛(𝑦)): the average value of the 
best solution found for all instances of 
𝑧 ∈ {𝐷1;𝐷2}  for all the 𝑛 replications, for 
criteria 𝑘 ∈ {𝑐𝐶𝐶𝐶; 𝑐𝑄𝑠𝑡};  

𝑠𝑡𝑥,∗(𝑦)����������: The average total time scale required to find 
the best solution 𝑦, for all instances of dataset 
𝑧, during the best replication ∗ of the 𝑛 
replications; 

𝑠𝑡𝑡𝑥,∗(𝑦)�����������: The average total time scale required to 
execute the method, for all instances of 
dataset 𝑧, during the best replication ∗ of the 
𝑛 replications; 

𝑔𝐶𝑝𝑗,∗(𝑦):  The best gap, i.e., the gap between the best 

solution found ℎ𝑐𝑚𝑐𝑥
𝑗,𝑛 (𝑦) (of instance 𝑖 during 

the 𝑛 replications) and the lower bound 𝑇𝐵𝑗  
given by (Ulusoy et al., 1997), 
𝑔𝐶𝑝𝑗,∗(𝑦) = (ℎ𝑘

𝑗,∗(𝑦) − 𝑇𝐵𝑗  ) 𝑇𝐵𝑗⁄ ; 
𝑔𝐶𝑝𝑥,∗(𝑦)�������������  = 𝐶𝑣𝑔𝑗∈{𝑥}(𝑔𝐶𝑝𝑗 ,∗(𝑦)): the average gap for 

all the instances of the dataset z, for the best 
replication; 

∆𝑘
𝑗,∗  is the gap between the JSPT and the JSPR of 

the best solution of the best replication ∗ for 
criteria 𝑘; 

∆𝑘
𝚤,∗����  = 𝐶𝑣𝑔𝑗∈{𝑥}(∆𝑘

𝑗,∗) is the average gap of ∆𝑘
𝑗,∗ for 

all the instances of dataset 𝑧. 

5.2. First experiments: computational experiments for 
instances with two unitary capacity vehicles 
This section concerns only the experiments with two unitary 
capacity vehicles. 

5.2.1 First study: a comparative study with previous 
published methods on JSPT 
To the best of our knowledge, 20 approaches have been 
published for the JSPT using the (Bilge and Ulusoy, 1995) 
instances, and Table 3 introduces the methods and the datasets 
used to benchmark each method.  

Since the most recent publications provide numerous new best 
solutions, and address all the jobsets and all the layouts, the 
comparative study focuses on the five most recently published 
articles (except for the publication of  (Umar et al., 2015) 
because they only used two layouts of one dataset to 
benchmark their approach) that are introduced in Table 4. A 
comparative study with all methods is available on the 
website:  

http://fc.isima.fr/~gondran/JSPT/table_6.html 

 

Table 3 

http://fc.isima.fr/~gondran/JSPT/table_6.html
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Publications that used Bilge and Ulusoy’s instances for two 
vehicles of unitary capacity. 

 Method D1 D2 
(Ulusoy et al., 1997) LB X X 
(Bilge and Ulusoy, 1995) STW X X 
(Ulusoy et al., 1997) UGA X X 
(Abdelmaguid et al., 
2004) 

AGA X X 

(Reddy and Rao, 2006) PGA X X 
(Deroussi et al., 2008) SALS ( 

+ ILS 
and SA) 

X  

(Subbaiah et al., 2009) SFHA X X 
(Babu et al., 2010) DE X X 
(Larabi, 2010) MA X  
(Kumar et al., 2011) PDE X X 
(Erol et al., 2012) MAS X X 
(Zhang et al., 2012) GATS X  
(Lacomme et al., 2013) MEMA  X 
(Zhang et al., 2014) MSB X  
(Zheng et al., 2014) TS-SPMA X X 
(Sahin et al., 2015) FMAS X X 
(Umar et al., 2015) WA Only 

layout: 1 
and 2 

 

(Baruwa and Piera, 2016) ALS X  
(Nouri et al., 2016a)  GATS+HM X  
(Zheng et al., 2016) HRA X X 

 

The TS_SPMA method is introduced by (Zheng et al., 2014), 
consisting of a tabu search algorithm. (Sahin et al., 2015) 
describe a multi-agent approach, the FMAS, for dynamic 
scheduling with flexible processing capabilities, and they also 

solve the static version of the present problem. The ALS is 
proposed by (Baruwa and Piera, 2016), an Anytime Layered 
Search based on a colored Petri net-based hybrid heuristic 
search approach. GATS+HM is introduced by (Nouri et al., 
2016b). It is an approach based on a Clustered Holonic Multi-
agent Model. HRA is a Hormone Regulation – based 
Approach for dynamic scheduling proposed by (Zheng et al., 
2016), and also benchmarked on the off-line instances. 

To ensure a fair comparative study of the different published 
methods, the speed factor is computed and is taken from 
previous research articles including but not limited to 
Dongarra and on the Web site dedicated to the Linpack 
benchmark: 
http://www.roylongbottom.org.uk/linpackresults.htm. The 
speed factors are introduced in  

Table 5, providing the information available on the computer, 
the operating system and the language of the previously 
published articles, since the MIPS performance is not the only 
influence on CPU time. The scale times are obtained from the 
time (provided into original research publications) multiplied 
by the speed factor. 

The method we promote encompasses the resolution of the 
JSPT, which is defined by an objective function focusing on 
makespan only without any consideration for the Quality of 
Service: makespan minimization is fully defined by 𝛼 = 1 and 
𝛽 = 0 in the objective function. 

 

 

Table 4 
Experiments achieved in recent publications. 
 Method Dataset 1 Dataset 2 
  Best Time Best Time 
(Zheng et al., 2014) TS_SPMA × / × / 
(Sahin et al., 2015) FMAS × / × / 
(Baruwa and Piera, 2016) ALS × × / / 
(Nouri et al., 2016a) GATS+HM × m / / 
(Zheng et al., 2016) HRA × / × / 
Caption × the best solution found during several runs 
 𝐶 the time required to find the best solution 
 / no information is available 
 

Table 5 
Relative performances of computers (http://www.roylongbottom.org.uk/linpack%20results.htm). 
 (Zheng et al., 

2014) 
(Sahin et al., 

2015) 
(Baruwa and 
Piera, 2016) 

 (Nouri et al., 
2016b) 

(Zheng et al., 
2016) Our proposal 

Name TS_SPMA FMAS ALS GATS+HM HRA TLH 
Nb of runs 5 /  10 / 5 

Computer Pentium IV 2.60 
GHz / 

2.60GHz AMD 
Opteron 
4GB RAM 

Intel Core 2 
Duo 2.10 GHz 

Intel Core 2 
Duo 2.0 GHz 

Intel Core i7-
4790 3.60 GHz 

OS Windows XP /  / Windows 7 Windows 7 
Language C JACKTM and Java C++ Java Java C++ 
MFlops 3066 / 2400 2400 2400 2671 
Speed factor 1.15 / 0.90 0.90 0.90 1 

 

Table 6 introduces the results, for the two datasets for the 
TLH evaluation included in a GRASP×ELS and solving the 
JSPT. The average total deviation of the best run 𝑔𝐶𝑝𝑘

𝑥,∗(𝑦)�������������  

is approximately 26.8% for dataset 1 and approximately 6.5% 
for dataset 2.  

For dataset 1 (𝑡𝑗𝑘/𝑝𝑘  > 0.25), the method competes with the 
best ones published, with a deviation of 26.8%, which is better 

http://www.roylongbottom.org.uk/linpackresults.htm
http://www.roylongbottom.org.uk/linpack%20results.htm
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than HRA and FMAS. The GATS-HM provides a deviation of 
approximately 20.6% (that is lower than the GRASP×ELS 
deviation) with a computational time of approximately 12 
seconds, which is four times greater than the computational 
time of the GRASP×ELS, which is approximately 3 seconds. 
Similarly, the ALS provides a deviation of approximately 
25.5% but a scale computational time of 503.1 seconds on 
average. The TS_SPMA provides results of approximately 
25.5%, but no fair comparative study on computational time is 
possible.  

Similar remarks hold for dataset 2 where the average deviation 
of 6.5% is similar to the deviation of FMAS (7.2%). No fair 
comparative study on computational time is possible since the 

five methods considered in the experiments do not provide 
any computational time.  

Nevertheless, this experiment leads us to consider that the 
TLH evaluation included in a GRASP×ELS is well suited for 
Bilge and Ulusoy’s instances. 

The typical question that arises is whether the solution gap 
between the metaheuristic used and the GATS+HM could be 
reduced by increasing the number of iterations. Several 
experiments have been carried out to assign the same running 
time as the GATS+HM algorithm to the GRASP×ELS, but no 
significant improvement was obtained.  

 
 

Table 6 
TLH evaluation included in a GRASP×ELS performance on the Bilge and Ulusoy instances with two vehicles. 

 
Dataset 1 Dataset 2 

 
𝑔𝐶𝑝𝑘

𝑥,∗(𝑦)������������� 
% 

𝑠𝑡𝑥,∗(𝑦)���������� 
second 

𝑠𝑡𝑡𝑥,∗(𝑦)����������� 
second 

𝑔𝐶𝑝𝑘
𝑥,∗(𝑦)������������� 
% 

𝑠𝑡𝑥,∗(𝑦)���������� 
second 

𝑠𝑡𝑡𝑥,∗(𝑦)����������� 
second 

TS_SPMA 25.5 / / 6.0 / / 
FMAS 44.9 / / 7.2 / / 
ALS 25.5 503.1 3600 / / / 
GATS+HM 20.6 12.08 / / / / 
HRA  70.4 / / 11.3 / / 
GRASP×ELS 26.8 2.83 10.50 6.5 0.15 8.01 
Caption / No information available 
 

5.2.2 Second study: comparison between the JSPT 
and the JSPR 
The second study focuses on the QoS evaluation of the best 
found during JSPT resolution. ℎ𝑐𝑐𝑐𝑡

𝑗 ,∗ (𝑦) in column three of 
Table 7 is the cost (i.e. 𝑇𝐷(𝑦) + 𝑇𝑇𝑇(𝑦) +  𝑇𝑇𝑇(𝑦)) of the 
best found solution solving the JSPT. For example, on 
instance EX11, the best solution found is 96 (best found 
solution during 5 replications) for the makespan and this 
solution is evaluated with a cost of 683.  

Column 4 (Table 7) introduces the best solution found solving 
the JSPR (considering the TLH evaluation with the objective 
function 𝐹(𝐶) = 10000 × ℎ𝑐𝑚𝑐𝑥(𝐶) + 1 × ℎ𝑐𝑐𝑐𝑡(𝐶) during 
the GRASP×ELS). When the value ℎ𝑐𝑚𝑐𝑥

𝑗,∗ (𝑦) is equal to 
ℎ𝑐𝑚𝑐𝑥
𝑗,∗ (𝐶), it proves that the best solution found solving the 

JSPR is equivalent in terms of makespan with the best 
solution found for the JSPT. 

The deviation in percentage between the ℎ𝑐𝑚𝑐𝑥
𝑗,∗ (𝐶) and the 

ℎ𝑐𝑚𝑐𝑥
𝑗,∗ (y) is referred to as ∆𝑐𝑚𝑐𝑥

𝑗,∗ = (ℎ𝑐𝑚𝑐𝑥
𝑗 ,∗ (𝑦)-ℎ𝑐𝑚𝑐𝑥

𝑗,∗ (𝐶))/
ℎ𝑐𝑚𝑐𝑥
𝑗,∗ (𝑦), measuring the gap between both methods 

concerning the makespan. 

A value of ∆𝑐𝑚𝑐𝑥
𝑗,∗  close to 0% represents an instance where it 

is possible to find a solution to the JSPR that has a makespan 
similar to the solution to JSPT. For example, in the instance 
EX11, the best solution found solving the JSPT has a 
makespan of 96 (line 1 of  Table 7) and the best solution 
found solving the JSPR has a makespan of 96 with a deviation 
of 0%. Concerning the instance EX101, the best solution 
found for the JSPT is 148 and the best solution found for the 

JSPR is 149. Let us note that the JSPR makes it possible to 
find a better solution: for instance EX71, the best solution 
found for the JSPT is 116 and the best solution found for the 
JSPR is 115.  

The average gap of the  ∆𝑐𝑚𝑐𝑥
𝑗,∗  is 0.16%, for the first dataset 

and 0.0% for the second dataset. A gap of 0.16% means that 
the makespan found by solving the JSPR is better than the 
makespan found solving the JSPT, which is the case for eight 
instances: for example, a gap of 3.88% is found for instance 
EX31, which is also the absolute maximal gap. This gap can 
result from a better diversification of the solution during the 
GRASP×ELS for the JSPR compared to the JSPT due to a 
second criteria for the JSPR, since the GRASP×ELS selects a 
different best solution at each iteration when it solves the 
JSPR or the JSPT. 

Similarly, the ∆𝑐𝑐𝑐𝑡
𝑗,∗  between the ℎ𝑐𝑐𝑐𝑡

𝑗,∗ (𝑦) and the ℎ𝑐𝑐𝑐𝑡
𝑗,∗ (𝐶) is 

defined as: ∆𝑐𝑐𝑐𝑡
𝑗,∗ = (ℎ𝑐𝑐𝑐𝑡

𝑗 ,∗ (𝑦) -ℎ𝑐𝑐𝑐𝑡
𝑗,∗ (𝐶))/ℎ𝑐𝑐𝑐𝑡

𝑗,∗ (𝑦) that 
represents the improvement of the quality of the service of a 
JSPR solution compared to a JSPT solution. A ∆𝑐𝑐𝑐𝑡

𝑗,∗ > 0 
means that the JSPR solution has a better QoS than the JSPT 
solution, which is the case of all the instances: for example 
EX11 has a ∆𝑐𝑐𝑐𝑡

𝑗,∗ = 25.33%, the JSPT solution has ℎ𝑐𝑐𝑐𝑡
𝑗,∗ (𝑦) =

683 and the JSPR solution has a ℎ𝑐𝑐𝑐𝑡
𝑗,∗ (𝑦) = 510.  
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Table 7 
Comparison of the JSPT and the JSPR for the dataset 1. 

 
Resolution of the 
JSPT: 𝐹 = ℎ𝑐𝑚𝑐𝑥(𝑦) 

Resolution of the JSPR: 
𝐹 = 10,000 × ℎ𝑐𝑚𝑐𝑥(𝐶) + ℎ𝑐𝑐𝑐𝑡(𝐶) 

 ℎ𝑐𝑚𝑐𝑥
𝑗,∗ (𝑦) ℎ𝑐𝑐𝑐𝑡

𝑗,∗ (𝑦) ℎ𝑐𝑚𝑐𝑥
𝑗,∗ (𝐶) ∆𝑐𝑚𝑐𝑥

𝑗,∗  ℎ𝑐𝑐𝑐𝑡
𝑗,∗ (𝐶) ∆𝑐𝑐𝑐𝑡

𝑗,∗  
EX11 96 683 96 0.00 510 25.33 
EX21 100 799 100 0.00 529 33.79 
EX31 103 858 99 3.88 543 36.71 
EX41 112 831 112 0.00 673 19.01 
EX51 87 641 87 0.00 441 31.20 
EX61 118 901 118 0.00 582 35.41 
EX71 116 1387 115 0.86 882 36.41 
EX81 161 1338 161 0.00 597 55.38 
EX91 116 807 116 0.00 589 27.01 
EX101 148 1144 149 -0.68 788 31.12 
EX12 82 520 82 0.00 370 28.85 
EX22 76 553 76 0.00 373 32.55 
EX32 85 663 85 0.00 407 38.61 
EX42 87 646 87 0.00 532 17.65 
EX52 69 460 69 0.00 338 26.52 
EX62 98 725 98 0.00 424 41.52 
EX72 84 894 84 0.00 532 40.49 
EX82 151 1206 151 0.00 408 66.17 
EX92 102 657 102 0.00 496 24.51 
EX102 135 1049 136 -0.74 695 33.75 
EX13 84 583 84 0.00 412 29.33 
EX23 86 687 86 0.00 388 43.52 
EX33 86 675 86 0.00 401 40.59 
EX43 89 648 89 0.00 503 22.38 
EX53 74 500 74 0.00 299 40.20 
EX63 103 777 103 0.00 430 44.66 
EX73 89 957 88 1.12 513 46.39 
EX83 153 1232 153 0.00 422 65.75 
EX93 105 677 105 0.00 528 22.01 
EX103 140 1151 139 0.71 679 41.01 
EX14 103 744 103 0.00 528 29.03 
EX24 108 871 108 0.00 511 41.33 
EX34 112 964 111 0.89 597 38.07 
EX44 125 980 124 0.80 715 27.04 
EX54 97 746 97 0.00 519 30.43 
EX64 121 998 120 0.83 584 41.48 
EX74 135 1566 134 0.74 859 45.15 
EX84 163 1351 163 0.00 697 48.41 
EX94 120 829 120 0.00 584 29.55 
EX104 159 1253 162 -1.89 965 22.98 

AVG 109.45 873.78 109.30 0.16 546.08 35.78 

 

The average gap of the ∆𝑐𝑐𝑐𝑡
𝑗,∗  (referred to as ∆𝑘

𝚤,∗���� ) between the 
JSPT and the JSPR (Table 7) is approximately 35.78% for the 
first dataset and 46.37 % for the second dataset (Table 8). The 
JSPR never has a better QoS than the JSPR: the minimal gap 
is for instance EX420 and is 16.58%. 

The JSPR has a greater quality of solution than the JSPT since 
the average ∆𝑐𝑚𝑐𝑥

𝚤,∗�������� is similar to both approaches, but the JSPR 
solutions are approximately 35.78% (resp. 46.37%) better than 
the JSPT concerning the QoS. 

 

Table 8  
Comparison of the JSPT and the JSPR for the dataset 2. 
 

Resolution of the 
JSPT: 𝐹 = ℎ𝑐𝑚𝑐𝑥(𝑦) 

Resolution of the JSPR: 
𝐹 = 10,000 × ℎ𝑐𝑚𝑐𝑥(𝐶) + ℎ𝑐𝑐𝑐𝑡(x) 

 ℎ𝑐𝑚𝑐𝑥
𝑗,∗ (𝑦) ℎ𝑐𝑐𝑐𝑡

𝑗,∗ (𝑦) ℎ𝑐𝑚𝑐𝑥
𝑗,∗ (𝐶) ∆𝑐𝑚𝑐𝑥

𝑗,∗  ℎ𝑐𝑐𝑐𝑡
𝑗,∗ (𝐶) ∆𝑐𝑐𝑐𝑡

𝑗,∗  
EX110 126 729 126 0.00 516 29.22 
EX210 148 1062 148 0.00 538 49.34 
EX310 150 1076 150 0.00 642 40.33 
EX410 119 774 119 0.00 632 18.35 
EX510 102 642 102 0.00 360 43.93 
EX610 186 1387 186 0.00 676 51.26 
EX710 146 1661 146 0.00 536 67.73 
EX810 292 2395 292 0.00 684 71.44 
EX910 176 988 176 0.00 678 31.38 
EX1010 238 1637 238 0.00 942 42.46 
EX120 123 715 123 0.00 500 30.07 
EX220 143 1072 143 0.00 527 50.84 
EX320 145 1057 145 0.00 606 42.67 
EX420 114 736 114 0.00 614 16.58 
EX520 100 597 100 0.00 338 43.38 
EX620 181 1392 181 0.00 624 55.17 
EX720 143 1640 143 0.00 484 70.49 
EX820 287 2440 287 0.00 616 74.75 
EX920 173 1015 173 0.00 650 35.96 
EX1020 236 1638 236 0.00 902 44.93 
EX130 122 694 122 0.00 498 28.24 
EX230 146 1171 146 0.00 488 58.33 
EX330 146 1082 146 0.00 610 43.62 
EX430 114 732 114 0.00 594 18.85 
EX530 99 607 99 0.00 338 44.32 
EX630 182 1350 182 0.00 636 52.89 
EX730 144 1690 144 0.00 500 70.41 
EX830 288 2553 288 0.00 628 75.40 
EX930 174 998 174 0.00 660 33.87 
EX1030 237 1573 237 0.00 924 41.26 
EX140 124 734 124 0.00 534 27.25 
EX241 217 1713 217 0.00 731 57.33 
EX340 151 1064 151 0.00 632 40.60 
EX341 221 1668 221 0.00 911 45.38 
EX441 172 1101 172 0.00 889 19.26 
EX541 148 911 148 0.00 497 45.44 
EX640 184 1369 184 0.00 654 52.23 
EX740 145 1546 145 0.00 528 65.85 
EX741 214 2243 214 0.00 726 67.63 
EX840 293 2589 293 0.00 688 73.43 
EX940 175 1009 175 0.00 668 33.80 
EX1040 240 1625 240 0.00 944 41.91 

AVG 172.95 1301.79 172.95 0.00 627.21 46.37 

 

5.2.3. Third study: evaluation of the TLH method 
regarding a linear formulation solved using CPLEX 
In order to evaluate the quality of the TLH evaluation, an 
exact evaluation is provided on the best solution found by the 
JSPR. The exact evaluation is performed with CPLEX 
considering the default search strategy and the maximization 
of the Quality of Service: machine disjunctions are the 
constraints (which means that the job sequences on machines 
are defined and are not a variable) and the makespan is upper 
bounded by the solution provided by the ℎ𝑐𝑚𝑐𝑥 of the best 
solution found for the JSPR. In order to provide a fair 
comparison, the Total Duration, the Total Riding Time and the 
Total Waiting Time are ranked in the CPLEX similarly to the 
TLH evaluation. The minimized function by CPLEX is 
defined by 𝐹(𝐶) = 10,000 ∗ 𝑇𝐷(𝐶) + 100 ∗ 𝑇𝑇𝑇(𝐶) +
𝑇𝑇𝑇(𝐶) meaning that the TD is minimized first, TRT second 
and TWT third, this function permits to mimic the TLH 
evaluation principle. The CPLEX resolution applied to the 
JSPR best found solution can be used to a post-optimization 
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process, and its efficiency is evaluated Table 9 using the two 
datasets where  ∆𝑐𝑐𝑐𝑡

𝑗,∗  is the gap between the ℎ𝑐𝑐𝑐𝑡
𝑗,∗  (𝐶), where 

𝐶 is the solution of the TLH evaluation during the 
metaheuristic and the ℎ𝑐𝑐𝑐𝑡

𝑗,∗  (𝑦), where 𝑦 is the solution of the 
CPLEX post-optimization: ∆𝑐𝑐𝑐𝑡

𝑗,∗ = (ℎ𝑐𝑐𝑐𝑡
𝑗,∗  (𝐶) −  ℎ𝑐𝑐𝑐𝑡

𝑗,∗  (𝑦))/
ℎ𝑐𝑐𝑐𝑡
𝑗,∗  (𝑦). The average ∆𝑐𝑐𝑐𝑡

𝑗,∗  for all the instances is ∆𝑐𝑐𝑐𝑡
𝚤,∗������. 

The post optimization does not succeed to significantly 
improve the Quality of Service of the best solution found by 

the TLH evaluation during the metaheuristic. For the first 
dataset, the average improvement of the cost is approximately 
0.08% only, and for the second set, it is approximately 0.02%. 
The maximal gap between ℎ𝑐𝑐𝑐𝑡

𝑗 ,∗  (𝑦) and ℎ𝑐𝑐𝑐𝑡
𝑗,∗  (𝐶) is 1.04% 

(for instance EX64, see the webpage: for more details). These 
results push us into considering that the TLH method remains 
strongly efficient for all instances of both datasets. 

Table 9 
CPLEX post-optimization for datasets 1 and 2. 

 
Resolution of the JSPR: 
𝐹 = 10,000 × ℎ𝑐𝑚𝑐𝑥(𝐶) + ℎ𝑐𝑐𝑐𝑡(x) 

CPLEX Post-optimization: 
𝐹 = ℎ𝑐𝑐𝑐𝑡(𝑦) 

 ℎ𝑐𝑚𝑐𝑥
𝑥,∗ (𝐶)������������ ℎ𝑐𝑐𝑐𝑡

𝑥,∗ (𝐶)����������� ℎ𝑐𝑚𝑐𝑥
𝑥,∗ (𝑦)������������ ℎ𝑐𝑐𝑐𝑡

𝑥,∗ (𝑦)����������� ∆𝑐𝑐𝑐𝑡
𝚤,∗�������.% Maximal Gap % 

Dataset 1 109.30 546.08 109.30 545.63 0.08 1.04 
Dataset 2 172.95 627.21 172.95 627.12 0.02 0.40 

5.2.4. Concluding remarks on the first experiments 
dedicated to unitary vehicle capacity 
TLH evaluation included in a metaheuristic for the Job-Shop 
with Routing is able to find nearly ℎ𝑐𝑐𝑐𝑡  optimal solutions, and 
a CPLEX post-optimization step does not have an important 
impact on the improvement of the solution. The results prove 
it is possible to obtain solutions with a low makespan and high 
QoS simultaneously. 

5.3 Second experiments: computational experiments 
for instances with two non-unitary capacity vehicles 
To the best of our knowledge, no article with several vehicles 
of non-unitary capacity has been published in the literature: 
this is corroborated by the recent state of the art published in 
2016 by (Nouri et al., 2016b). Otherwise, no instance dealing 
with the JSPR with several vehicles of non-unitary capacity is 
available, and this is the reason why the set of instances 
provided by (Bilge and Ulusoy, 1995) is extended to tackle up 
to two non-unitary capacity vehicles with a capacity of 2. 

5.3.1. First study: a comparative study between the 
JSPT solutions and the JSPR solutions 
Similarly to Section 5.2.2, Table 10 and Table 11 introduce 
the best solutions found during five replications, obtained by 
the GRASP×ELS, solving: 
• the JSPT (job-shop problem with transport) (𝐹 =

ℎ𝑐𝑚𝑐𝑥(𝑦))  
• the JSPR (𝐹 = 10,000 × ℎ𝑐𝑚𝑐𝑥(𝐶) + ℎ𝑐𝑐𝑐𝑡(x)). 
 

Table 10 
Solution comparisons for two vehicles of capacity 2 for 
dataset 1. 

 
Resolution of the 
JSPT: 𝐹 = ℎ𝑐𝑚𝑐𝑥(𝑦) 

Resolution of the JSPR: 
𝐹 = 10,000 × ℎ𝑐𝑚𝑐𝑥(𝑦) + ℎ𝑐𝑐𝑐𝑡(y) 

 ℎ𝑐𝑚𝑐𝑥
𝑗,∗ (𝑦) ℎ𝑐𝑐𝑐𝑡

𝑗,∗ (𝑦) ℎ𝑐𝑚𝑐𝑥
𝑗,∗ (𝐶) ∆𝑐𝑚𝑐𝑥

𝑗,∗  ℎ𝑐𝑐𝑐𝑡
𝑗,∗ (𝐶) ∆𝑐𝑐𝑐𝑡

𝑗,∗  
EX11 82 547 82 0.00 494 9.69 
EX21 87 668 87 0.00 532 20.36 
EX31 90 719 90 0.00 593 17.52 
EX41 95 729 95 0.00 652 10.56 
EX51 71 531 71 0.00 449 15.44 
EX61 108 819 108 0.00 645 21.25 
EX71 86 1005 86 0.00 887 11.74 
EX81 161 1260 161 0.00 588 53.33 
EX91 106 683 106 0.00 608 10.98 

EX101 138 965 138 0.00 801 16.99 
EX12 76 465 76 0.00 380 18.28 
EX22 76 592 76 0.00 373 36.99 
EX32 80 577 80 0.00 399 30.85 
EX42 74 489 74 0.00 447 8.59 
EX52 64 432 64 0.00 321 25.69 
EX62 98 741 98 0.00 425 42.65 
EX72 79 826 79 0.00 476 42.37 
EX82 151 1250 151 0.00 434 65.28 
EX92 98 622 98 0.00 477 23.31 
EX102 129 892 131 -1.55 677 24.10 
EX13 74 432 74 0.00 378 12.50 
EX23 82 681 82 0.00 375 44.93 
EX33 82 567 82 0.00 407 28.22 
EX43 74 524 74 0.00 429 18.13 
EX53 63 405 63 0.00 311 23.21 
EX63 100 759 100 0.00 468 38.34 
EX73 81 911 81 0.00 525 42.37 
EX83 153 1221 153 0.00 450 63.14 
EX93 100 653 100 0.00 497 23.89 
EX103 133 1002 133 0.00 716 28.54 
EX14 84 571 84 0.00 486 14.89 
EX24 88 662 88 0.00 531 19.79 
EX34 92 755 92 0.00 571 24.37 
EX44 98 724 98 0.00 690 4.70 
EX54 73 502 73 0.00 421 16.14 
EX64 106 811 104 1.89 608 25.03 
EX74 90 1036 90 0.00 820 20.85 
EX84 163 1336 163 0.00 647 51.57 
EX94 105 678 105 0.00 578 14.75 
EX104 144 1112 141 2.08 905 18.62 
AVG 98.35 753.85 98.28 0.06 536.78 26.00 

 

For the first dataset (Table 10), the gap average ∆𝑐𝑚𝑐𝑥
𝚤,∗�������� 

between the JSPT and the JSPR solutions is about 0.06%, 
which means that, in general, JSPR finds better solutions than 
the JSPT for the makespan. For example, in the instance 
EX104, the best solution found for the JSPT is 144 and the 
best solution found for the JSPR is 141; but JSPT also has 
better solutions than the JSPR: for instance EX102, the best 
solution found for the JSPT is 129, whereas the best solution 
found for the JSPR is 131. Concerning the second dataset 
(Table 11), the average value of the gap ∆𝑐𝑐𝑐𝑡

𝑗,∗  (referred to as 
∆𝑐𝑐𝑐𝑡
𝚤,∗������) is about 0.0%, meaning that both methods find similar 

results in terms of makespan.  

The average ∆𝑐𝑐𝑐𝑡
𝚤,∗������ between the JSPT and the JSPR are 26.00% 

and 45.60% for dataset 1 and dataset 2. The QoS is 
significantly better with the JSPR compared to the JSPT. 
These results (concerning makespan and QoS) prove the 
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capacity of the JSPR to provide better solutions than the JSPT 
with a fleet of non-unitary capacity vehicles in terms of QoS 
and similar results in terms of makespan. 

 

Table 11 
Solution comparisons for two vehicles of capacity 2 for 
dataset 2. 

 
Resolution of the 
JSPT: 𝐹 = ℎ𝑐𝑚𝑐𝑥(𝑦) 

Resolution of the JSPR: 
𝐹 = 10,000 × ℎ𝑐𝑚𝑐𝑥(𝑦) + ℎ𝑐𝑐𝑐𝑡(y) 

 ℎ𝑐𝑚𝑐𝑥
𝑗,∗ (𝑦) ℎ𝑐𝑐𝑐𝑡

𝑗,∗ (𝑦) ℎ𝑐𝑚𝑐𝑥
𝑗,∗ (𝐶) ∆𝑐𝑚𝑐𝑥

𝑗,∗  ℎ𝑐𝑐𝑐𝑡
𝑗,∗ (𝐶) ∆𝑐𝑐𝑐𝑡

𝑗,∗  
EX110 126 742 126 0.00 516 30.46 
EX210 148 1072 148 0.00 538 49.81 
EX310 150 1085 150 0.00 642 40.83 
EX410 116 726 116 0.00 654 9.92 
EX510 102 625 102 0.00 360 42.40 
EX610 186 1487 186 0.00 676 54.54 
EX710 146 1483 146 0.00 548 63.05 
EX810 292 2540 292 0.00 684 73.07 
EX910 174 1055 174 0.00 710 32.70 
EX1010 238 1664 238 0.00 942 43.39 
EX120 123 664 123 0.00 500 24.70 
EX220 143 1030 143 0.00 522 49.32 
EX320 145 1068 145 0.00 606 43.26 
EX420 114 720 114 0.00 604 16.11 
EX520 100 620 100 0.00 338 45.48 
EX620 181 1319 181 0.00 624 52.69 
EX720 143 1633 143 0.00 501 69.32 
EX820 287 2373 287 0.00 616 74.04 
EX920 173 1070 173 0.00 650 39.25 
EX1020 236 1624 236 0.00 896 44.83 
EX130 122 706 122 0.00 498 29.46 
EX230 146 1082 146 0.00 490 54.71 
EX330 146 1062 146 0.00 610 42.56 
EX430 113 773 113 0.00 606 21.60 
EX530 99 643 99 0.00 336 47.74 
EX630 182 1399 182 0.00 636 54.54 
EX730 144 1500 144 0.00 516 65.60 
EX830 288 2464 288 0.00 628 74.51 
EX930 174 944 174 0.00 660 30.08 
EX1030 237 1663 237 0.00 908 45.40 
EX140 124 679 124 0.00 524 22.83 
EX241 217 1486 217 0.00 739 50.27 
EX340 148 1042 148 0.00 664 36.28 
EX341 218 1658 218 0.00 963 41.92 
EX441 169 1046 169 0.00 895 14.44 
EX541 148 943 148 0.00 497 47.30 
EX640 184 1366 184 0.00 654 52.12 
EX740 145 1621 145 0.00 526 67.55 
EX741 214 2410 214 0.00 726 69.88 
EX840 293 2717 293 0.00 688 74.68 
EX940 173 1005 173 0.00 680 32.34 
EX1040 237 1580 237 0.00 942 40.38 

AVG 172.48 1294.98 172.48 0.00 631.26 45.60 

 

5.3.2. Second study: evaluation of the TLH method 
regarding a linear formulation solved using CPLEX 
Similarly to the section 5.2.3, a CPLEX evaluation is provided 
on the disjunctive graph (which means that the job sequences 
on machines are defined and are not a variable) of the best 
found solution for the JSPR where the makespan is upper 
bounded. CPLEX resolution applied to the best found solution 
of the TLH evaluation during the GRASP×ELS can be used 
as a post-optimization process, and its efficiency is evaluated 
Table 12 with both datasets. ∆𝑐𝑐𝑐𝑡

𝑗,∗  is the gap between the 
ℎ𝑐𝑐𝑐𝑡
𝑗,∗  (𝐶), where 𝐶 is the solution of the TLH evaluation 

during GRASP×ELS and the ℎ𝑐𝑐𝑐𝑡
𝑗,∗  (𝑦), where 𝑦 is the 

solution of the CPLEX post-optimization: ∆𝑐𝑐𝑐𝑡
𝑗,∗ = (ℎ𝑐𝑐𝑐𝑡

𝑗,∗  (𝐶) −
 ℎ𝑐𝑐𝑐𝑡
𝑗,∗  (𝑦))/ℎ𝑐𝑐𝑐𝑡

𝑗,∗  (𝑦). The average ∆𝑐𝑐𝑐𝑡
𝑗,∗  for all the instances is 

∆𝑐𝑐𝑐𝑡
𝚤,∗������. 

The post optimization does not succeed to significantly 
improve the Quality of Service of the best solution found by 
the TLH evaluation during the metaheuristic. For the first 
dataset, the average improvement of the cost is approximately 
0.05% only, and for the second set, it is approximately 0.03%. 
Moreover, the maximal gap is 1.01% for the dataset 1 and 
only 0.60% for the dataset 2. 

Table 12 
CPLEX post-optimization for datasets 1 and 2. 

 
Resolution of the JSPR: 
𝐹 = 10,000 × ℎ𝑐𝑚𝑐𝑥(𝐶) + ℎ𝑐𝑐𝑐𝑡(x) 

CPLEX Post-optimization: 
𝐹 = ℎ𝑐𝑐𝑐𝑡(𝑦) 

 ℎ𝑐𝑚𝑐𝑥
𝑥,∗ (𝐶)������������ ℎ𝑐𝑐𝑐𝑡

𝑥,∗ (𝐶)����������� ℎ𝑐𝑚𝑐𝑥
𝑥,∗ (𝑦)������������ ℎ𝑐𝑐𝑐𝑡

𝑥,∗ (𝑦)����������� ∆𝑐𝑐𝑐𝑡
𝚤,∗�������.% Maximal Gap % 

Dataset 1 98.28 536.78 98.28 536.55 0.05 1.01 
Dataset 2 172.48 631.26 172.48 631.10 0.03 0.60 

5.4 Third experiments: sensitivity analysis regarding the 
insertion order of the time-lags  
TLH evaluation is a time-lag sequence-dependent method and 
it is based on a greedy process that iteratively minimizes each 
maximal time-lag considering the time-lag sequence: these 
two skills define a heuristic-based approach.  

During the second step of the TLH evaluation, concerning the 
Total Duration, the proposed approach inserts the time-lag 
following the lexicographic order, but adding the time-lags in 
another sequence could lead to another, possibly better 
solution.  

In order to evaluate the impact of the insertion sequence of the 
time-lags, a comparative study is achieved that focused on the 
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second step of the TLH, i.e., on the Total Duration. This study 
considers a graph 𝐺 = (𝑉,𝐸), from the instance EX64, which 
is submitted, on the one hand, to an optimal evaluation based 
on CPLEX and, on the other, to 10 evaluations with a random 
sequence of time-lag insertions during the second step of the 
TLH. In order to provide a fair comparative study, the Total 
Duration, the Total Riding Time and the Total Waiting Time 
are ranked in the CPLEX evaluation similarly to the TLH 
evaluation, and the function to minimize is: 𝐹(𝐶) = 10,000 ×
𝑇𝐷(𝐶) + 100 × 𝑇𝑇𝑇(𝐶) + 𝑇𝑇𝑇(𝐶), with 𝐶 a solution, 
𝑇𝐷(𝐶) the Total Duration of 𝐶, 𝑇𝑇𝑇(𝐶) the Total Riding Time 
of 𝐶 and 𝑇𝑇𝑇(𝐶) the Total Waiting Time of 𝐶. 

The first line of Table 13 provides the CPLEX evaluation with 
a value of 578 for the cost and of 120 for the makespan 
according to the best solution found by the JSPR. TLH 
evaluation is able to find ℎ𝑐𝑐𝑐𝑡 = 578 as the CPLEX 
evaluation for the evaluation number 1, 2, 5, 7 and 10. This 
numerical experiment leads us to consider that: 
• depending on the time-lag insertion order, the standard 

deviation on the cost remains limited to approximately 
3.13%; 

• several time-lag insertion orders make it possible to 
retrieve the CPLEX solution. 

 

Table 13 
Consequence of the time-lag max insertion during the step of 
Total Duration minimization for instance EX72. 

 𝒉𝒄𝒄𝒄𝒄(𝒄)  𝒉𝒄𝒄𝒄𝒄(𝒄) 𝑻𝑻(𝒄) 𝑻𝑻𝑻(𝒄) 𝑻𝑻𝑻(𝒄) 
CPLEX evaluation 120 578 405 104 69 
Seq of time-lag 1  120 578 405 104 69 
Seq of time-lag 2  120 578 405 104 69 
Seq of time-lag 3  120 584 408 104 72 
Seq of time-lag 4  120 584 408 104 72 
Seq of time-lag 5  120 578 405 104 69 
Seq of time-lag 6  120 584 408 104 72 
Seq of time-lag 7  120 578 405 104 69 
Seq of time-lag 8  120 584 408 104 72 
Seq of time-lag 9  120 584 408 104 72 
Seq of time-lag 10 120 578 405 104 69 

AVG 120.00 580.73 406.36 104.00 70.36 
Standard 
deviation: 0.00 3.13 1.57 0.00 1.57 

 

Similar remarks hold for both the Total Riding Time (TRT) 
and the Total Waiting Time (TWT), and these results lead us 
to consider that the time-lag insertion order is not a key 
feature of the algorithm but must be considered as a parameter 
that could be tuned depending on the instances of interest. Let 
us note that additional numerical experiments carried out on 
all the instances with unitary and non-unitary capacity 
vehicles give similar results. 

5.5 Concluding remarks on the experiments  
The experiments highlight several points: 

• a GRASP×ELS metaheuristic including the TLH 
evaluation and solving the JSPT (makespan minimization 
only) has been proven to be efficient to find high quality 
solutions: the makespan criteria is comparable to the state-
of-the-art; 

• the resolution of the JSPR (makespan minimization and 
Quality of Service maximization) permits to find different 
solutions from the JSPT. Whatever the vehicles 
configuration (unitary capacity or not), solutions of JSPT 
and JSPR are closed in terms of makespan, but the JSPR 
finds better solutions in terms of Quality of Service. A gap 
of at least 26% is measured between JSPT and JSPR for 
the Quality of Service criteria 

• the TLH evaluation has been proven to be efficient to find 
solutions that simultaneously minimize the makespan and 
maximize the Quality of Service, compared to an optimal 
evaluation with CPLEX; 

• the sensitivity analysis regarding the insertion order of the 
time-lags max during each step points out that the insertion 
order of the time-lags during a step as not an important 
impact on the quality of the solution.  

6. Concluding remarks 
The integration of scheduling and routing is the key feature in 
the supply chain for the proper coordination of these two 
functions in order to obtain quality results. This paper 
introduces a routing evaluation for a Job-Shop Scheduling 
Problem with Routing with a fleet of vehicles.  

The proposed TLH procedure is a disjunctive graph evaluation 
defining a non left-shifted solution that simultaneously 
minimizes the makespan and maximizes the Quality of 
Service considering iteratively the Total Duration, the Total 
Riding Time and the Total Waiting Time.  

The TLH procedure has been included in a GRASP×ELS 
metaheuristic and has been benchmarked both Job-Shop 
Scheduling Problem with Transport and Job-Shop Scheduling 
Problem with Routing.  The TLH procedure has been proved 
to provide near optimal evaluation for minimizing the 
makespan and maximizing the QoS. 
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8. Annexes 
Table A1. List of publications for the decade 

    Constraints Approach  Optimization criteria Benchmarks 
 R U NU  Modeling exact  B&U Knust Other 

(Bilge and 
Ulusoy, 1995) 

>1 X   Time Window approach MILP Cmax X   

(Ulusoy et 
al., 1997) 

>1 X   Genetic algorithm  Cmax X   

(Anwar and 
Nagi, 1998) 

>1 X   Transportation 
integrated problem 
scheduling algorithm 

MILP Cmax, work in process cost   X 

(Sabuncuoglu 
and Karabuk, 

1998) 

>1 X  Buffer 
capacity, 
Flexible, 
Deadlock 

beam search  Mean flow time, mean 
tardiness, Cmax 

  X 

(Hurink and 
Knust, 2002) 

=1 X   Tabu Search  Cmax  X  

(Hurink and 
Knust, 2005) 

=1 X   Tabu Search  Cmax  X  

(Abdelmaguid 
et al., 2004) 

>1 X   Hybrid Genetic 
Algorithm 

Mathematical 
formulation 

Cmax X   

(Morihiro et 
al., 2006) 

>1  X Buffer 
capacity, on-

line, 
deadlock-free 

Distributed agents Mathematical 
formulation 

Mileage, delay time   X 

(Khayat et 
al., 2006) 

>1 X    MILP, Constrains 
Programming 

Cmax   Based on 
B&U 

(Reddy and 
Rao, 2006) 

>1 X   Evolutionary 
algorithm 

 Cmax, mean flow, mean 
tardiness 

X  X 

(Lacomme et 
al., 2007) 

>1 X   Disjunctive Graph  Cmax   X 

(Braga et 
al., 2008) 

>1 X  On-line, 
flexible 

multi-agent systems     X 

(Deroussi et 
al., 2008) 

>1 X   ALS, ILS, SA  Cmax X   

(Caumond et 
al., 2009) 

=1 X  Limited 
buffer 

time window approach MILP    Based on 
B&U 

(Subbaiah et 
al., 2009) 

>1 X   Sheep flock heredity  Cmax, mean tardiness X   

(Babu et al., 
2010) 

>1 X   Differential 
evolution 

 Cmax X   

(Deroussi and 
Norre, 2010) 

>1 X  Flexible Iterated Local 
Search 

 Cmax   *FJSP  

(Larabi, >1 X X  Memetic Algorithm  Cmax X X *Larabi 
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2010) and 
=1 

(El Khoukhi 
et al., 2011) 

>1 
and 
=1 

X X On-line, 
limited 
buffer 

Ant Colony Mathematical 
formulation 

Cmax, tardiness, delays, 
empty moves 

  Larabi 

(Elmi et al., 
2011) 

   Recirculation Simulated annealing MILP Cmax   X 

(Kumar et 
al., 2011) 

>1 X   Differential 
evolution 

 Cmax X   

(Erol et al., 
2012) 

>1 X  On-line Multi-agent  Cmax X   

(Zhang et 
al., 2012) 

>1 
and 
=1 

X  Flexible Genetic Algorithm Mathematical 
formulation 

Cmax, storage X X FJSP 
instances 

HSP 
instances 

(Lacomme et 
al., 2013) 

>1 X   Memetic Algorithm  Cmax X X  

(Nageswararao 
et al., 2014) 

>1 X   Binary particle 
swarm 

 Cmax, mean tardiness, 
robust factor 

X   

(Zhang et 
al., 2014) 

>1 X  Flexible, 
storage time 

Shifting bottleneck 
heuristic 

 Cmax X X FJSP 
instances 

HSP 
instances 

 
(Zheng et 
al., 2014) 

>1 X   Tabu search 
 

Mathematical 
formulation 

Cmax X  X (for 
the MILP) 

(Sahin et 
al., 2015) 

>1 X  On-line Multi-agent  Cmax X   

(Umar et al., 
2015) 

>1 X   Genetic Algorithm  Cmax, AGV travel time, job 
tardiness, conflict 

X  Yang 

(Baruwa and 
Piera, 2016) 

>1 X   Colored Petri net-
based 

 Cmax X   

(Nouri et 
al., 2016a) 

>1 
and 
=1 

X   Clustered 
Holonic multi-agent 

 Cmax X X FJSP 
instances 

 
(Nouri et 

al., 2016a) 
=1          

     Clustered 
holonic multi-agent 

 Cmax  X  

 (Nouri et 
al., 2016b) 

>1 
and 
=1 

   Clustered 
holonic multi-agent 

 Cmax X X  

(Zheng et 
al., 2016) 

>1 X  On-line Hormone regulation  Cmax X   

R: number of transportation resources, U: unitary capacity, NU: Non unitary capacity, B&U: Bilge and Uluzoy,  
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