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ABSTRACT 

Consideration of environmental and economic aspects in supply chain design is required to 

reduce negative impacts on the environment caused by the increasing levels of 

industrialization. In this thesis work, a new transportation model is proposed to deal with 

the trade-offs among environmental effect and supply chain performance related issues. 

The new approach incorporates an open loop transportation network to accommodate a 

multi-objective optimization mathematical model to minimize overall costs, delivery time 

and carbon footprint while previous models did not consider the environmental aspects. 

The mathematical model is developed by assuming deterministic and satisfied demand. A 

real life transportation problem has been selected for case study and model validation rather 

than using hypothetical data. The problem has been solved using Non-dominated Sorting 

Genetic Algorithm-II (NSGA-II), a fast and elitist algorithm suggested by many researchers 

for this type of multi objective optimization problems. The optimum solutions and trade-

offs among the objective functions have been shown in a pareto front which can be used as 

a supporting tool for supply chain practitioners and decision makers for a better sustainable 

transportation network solution. 
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1.1 Research Context and Motivation 

 

In today’s customer driven economy, moving products quickly and cost efficiently provides a 

distinctive comparative advantage for companies. As companies seek more profitable supply chain 

management, there has been a desire to optimize distribution networks to reduce logistics costs. 

Globalization and advancement in technology have increased competition between logistics 

industries. Logistics companies have to improve service quality, reduce price and lead time in order 

to survive and succeed in this new business environment where the customer is a powerful king. 

Thus, scheduling and routing problems have been a subject of active research in the optimization 

community for a number of reasons. 

Firstly, they usually define challenging search problems, and are good for exercising new heuristic 

search techniques to their limits. They are easily cast into formal specifications, and standardized 

data sets of varying complexity are often made for them. This permits well-defined problem 

instances to be shared amongst researchers, thus making for effective comparisons of 

methodologies. Finally, they often have many practical real-world applications: the results are of 

genuine use to industry and others.  

The VRP is one of the most challenging combinatorial optimization problems. It consists of 

designing the optimal set of routes for a fleet of vehicles parked at a central depot in order to service 

a given set of customers with a fixed demand in constrained environments. In transportation 

management, there is a requirement to provide goods and/or services from a supply point to various 

geographically dispersed points with significant economic implications. VRPs have received much 

attention in recent years due to their wide applicability and economic importance in determining 

efficient distribution strategies to reduce operational costs in distribution systems.  

A typical VRP can be stated as follows: design least cost routes from a central depot to a set of 

geographically dispersed points (customers, stores, schools, cities, warehouses, etc.) with various 

Chapter-1 
 

Introduction 
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demands. Each customer can be served using various modes of vehicles, and each vehicle has a 

limited capacity. 

 

1.2 Literature Review 

In this section the overall literature has been reviewed into the following segments- 

i. Vehicle routing 

ii. Cross docking 

1.2.1 Research on Vehicle Routing 

The Vehicle Routing Problem (VRP) is a popular subject of research in combinatorial optimization. 

The basic version of the problem is due to Dantzig and Ramser (1959), and since that, a plethora 

of problem variants, modeling approaches, exact and heuristic solving methods and applicative 

frameworks are found in the literature. The basic version consists in defining a set of routes for a 

fleet of vehicles based at one depot for a number of geographically dispersed points, called 

customers. The solution of a VRP is obtained by the determination of a set of routes, each 

performed by a single vehicle that starts and ends at its own depot, such that each customer's 

requirement is fulfilled, all the operational constraints are satisfied, and the overall transportation 

cost is minimized.   

In real world applications, because of the diversity and complexity of the systems and situations 

that can be found, the basic CVRP represents only a small number of cases, sometimes in a 

simplified way but can be a suitable representation for strategic and tactical planning purposes 

(Crainic & Laporte, 1997). Depending on the situation and the important parameters that define the 

envisaged freight transport system, one or more groups or constraints can be added or modified to 

represent the difference. In other cases, the objective function (mainly cost reduction) will be also 

modified (reduction of the number of used vehicles, crew management optimization, profit 

increasing, quality satisfaction, etc.) even proposing multi-objective approaches. Other variant arise 

when heterogeneity is considered. The most common problem with heterogeneity is obtained when 

the vehicles have different capacities. When the maximum distance that each vehicle can cover is 

considered a limitation, the problem is known as Distance Constrained VRP (DVRP), while when 

both the groups of constraints are considered, the problem is named Distance Constrained 

Capacitated VRP (DCVRP). This distance can be expressed in terms of geographical distance or 

travel time, being this second representation the most studied in this variant. Moreover each vehicle 

may be associated with a different maximum travel time (Gonzalez-Feliu, 2008).  
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Time constraints are the most used in literature (Braysy & Gendreau, 2005a, b). Such problems are 

known as VRP with Time Windows (VRP-TW). A Time Window (TW) is defined as the interval 

of time within which a vehicle must arrive to a node, and it is usually characterized by an early 

arrival time (EAT) and a late arrival time (LAT). Note than VRP-TW presents a wide variety of 

sub-variants, such as VRP with soft or semi-soft time windows, where a penalty on transportation 

cost is applied if the TW is not respected (Qureshi et al., 2010), dynamic VRP-TW (Taniguchi et 

al., 2010), where travel times are evolving with times or VRP with access time windows, where the 

time constraints are associated to a zone to access and not to a customer to serve (Quak & De 

Koster, 2009; Muñuzuri et al., 2012). Other variants are Multi-depot VRP (MD-VRP), where more 

than one starting depot is defined, Windy VRP, also known as Asymmetric VRP (A-VRP), where 

the road network presents asymmetric costs, split deliveries VRP (SD-VRP), where deliveries can 

be split in order to put each customer deliveries in more than one vehicle if necessary, or stochastic 

VRP (S-VRP), where customer demands are not known in advance and are represented using 

stochastic processes. Many works and surveys related to VRP, as well as more variants, can be 

found in literature (for more details about this problem can be found in Golden & Assad, 1988; 

Laporte, 1992; Toth & Vigo, 2002; Cordeau et al., 2007; Golden et al., 2008).  

Location Routing Problems (LRP) differ from classical VRP approaches in the fact they seek to 

minimize total cost by simultaneously selecting a subset of candidate facilities and constructing a 

set of delivery routes that satisfy a number of constraints (Min et al., 1998). The basic ones, 

analogously to basic VRP, are: (1) customer demands are satisfied without exceeding vehicle 

capacities, (2) facility capacities are not exceeded, (3) each route begins and ends at the same 

facility, and (4) the number of active vehicles does not exceed the specified limits. In these 

problems, the location of the distribution centers and the routing problem are not solved as two 

separate problems but are considered as a more complex problem (Madsen, 1983; Laporte, 1988; 

Nagy & Salhi, 2007). Analogously to VRP, many variants are defined for these problems. 

Literature reviews on this subject are quite recent (Drexl, 2013).   

Concerning multi-echelon transport cost optimization, we can define several sets of problems, 

derived from those two families (VRP and LRP). The first set of problems is the N-echelon 

Location Routing Problems (NE-LRP), defined as the generalization to N-echelon distribution 

systems of classical LRPs (Min et al., 1997). They were firstly introduced by Jacobsen and Madsen 

(1980) in its two-echelon version and a multi-echelon variant theorized by Laporte (1988). Two-

echelon models can be found in Zegordi and Nikbakhsh (2009) and Nguyen et al. (2011, 2012) and 

approximated three and four echelon versions are respectively proposed by Hamidi et al. (2005) 

and Ambrosino and Scutellà (2005). The N-echelon problem has been formally modelled recently, 
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with a set partitioning formulation proposed by Gonzalez-Feliu (2012b) giving some advices on 

how the problem can be solved. 

Most works in literature concern heuristics for the two-echelon version of the problem (the 2E-

LRP). Jacobsen and Madsen (1980) first introduce the problem and present three fast heuristics for 

solving a real case application from the press distribution field. The first method is the Tree Tour 

Heuristic (TTH), which is based on the Steiner Tree Problem (Francis & White, 1974), solved using 

a greedy one-arc-at-a-time procedure. The other two heuristics, which are sequential, combine 

heuristics for both VRP and Location-Allocation problem. The ALA-SAV heuristic is a three stage 

procedure composed from the Alternate Location Allocation (ALA) presented in Rapp (1962) and 

the Savings algorithm (SAV) introduced by Clarke and Wright (1964). The third heuristic (SAV-

DROP) is also a three stage procedure composed from the Clarke and Wright Savings algorithm 

and the DROP method (Feldman et al., 1966).  

Lin and Lei (2009) formulate a two-echelon LRP with routing considerations at both echelons. In 

this problem, it is possible to deliver some customers directly from the depot, or make it passing 

through distribution centers (DCs). Three simultaneous decision problems are considered: 1) 

number and locations of DCs, 2) customer assignment to DCs, 3) first-echelon routing (from depot 

to DCs and customers served in direct shipping), and 4) second-echelon routing (between DCs and 

customers not included in first-echelon routing). The authors propose a hybrid algorithm that 

consists on a genetic algorithm embedded with a local search procedure. Zegordi and Nikbakhsh 

(2009) study the same problem, adding distance constraints, and proposing a derived model and a 

simulated annealing algorithm. In this case, new instances are also proposed and solved.   

Boccia et al. (2010) define the structure of a 2E-LRP for a real application. The problem is then 

solved by a meta-heuristic combining a constructive procedure improved by Tabu Search post-

optimization that connects the two echelons by proposing moves that modify routes of both 

echelons at the same time. This method can solve real large size instances. Sterle (2011) proposes 

three models and a Tabu Search heuristic that splits the system into two separate problems. The 

two groups of methods (models and Tabu Search heuristics) are compared on a set of instances 

derived from Boccia et al.’s (2010) instances. Lee et al. (2010) formulate 3E-LRP to represent a 

supply chain including suppliers, manufacturers, distribution centers (DCs) and customers. 

Although there is a production stage at manufacturers, the problem consider all three echelons of 

transport and seeks to optimize them simultaneously, also including the location of both 

manufacturers and DCs, customers assignment to DCs and supplier assignment to manufacturers. 

The authors propose a mathematical formulation and a heuristic algorithm based on LP-relaxation 

to solve the problem.  
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Nguyen et al. (2010, 2011) propose four constructive heuristics and one meta-heuristic to solve the 

LRP-2E with capacity constraints on vehicles and satellites. The best heuristic builds giant tours 

over the set of customers, each tour being limited by the capacity of a 1st-echelon vehicle. The giant 

tours are then partitioned using a splitting procedure that inserts the satellite depots. A TSP is finally 

solved to visit the satellites selected. The proposed meta-heuristic is a greedy randomized adaptive 

search procedure (GRASP) reinforced by a learning process. The same authors also present a hybrid 

metaheuristic combining a GRASP procedure and an evolutionary/iterated local search (ELS/ILS) 

to solve a 2E-LRP. The GRASP procedures uses three constructive heuristics followed by local 

search to generate an initial solution, then an intensification strategy is carried out by a dynamic 

alternation between ELS and ILS, using Tabu Search (Nguyen et al., 2012). Schwenger et al. (2012) 

propose a Variable Neighborhood Search algorithm and compare the obtained results with the 

existing methods having been applied to instances used by Nguyen et al. (2010, 2011). Contardo et 

al. (2012) present a branch-and-cut algorithm and an adaptive large neighborhood search algorithm 

(ALNS) to solve Nguyen et al.’s (2010) instances, solving to optimality several instances of 50 

customers and some of 100 and 200 customers.  

Finally, Gonzalez-Feliu (2012b) and Hamidi et al. (2012) attempt a unification of this problem by 

modeling respectively an N-echelon and a three-echelon LRP. The first is a theoretical work that 

proposes to solve the problem via branch-and-prize and obtain lower bounds by column generation 

without providing computational results. The author also lists some existing heuristics methods for 

two-echelon variants mainly and envisages the possibilities of solving N-echelon problems with 

them. The second aims to be applied to supply chain management, and the model is solved via a 

commercial tool. Only one two-echelon instance is solved to optimality, including 2 depots, 3 DCs 

and 5 customers.  

The other popular family of problems is the N-echelon Capacitated Vehicle Routing Problem (NE-

CVRP). In this family of problems only one depot is considered and the intermediary facilities 

allow a limited number of vehicles for transshipments (Gonzalez-Feliu, 2008). The satellites do not 

present location costs and constraints but only allocation costs and capacity limitations related to 

the number of vehicles that can host. Gonzalez-Feliu et al. (2007) present a first MIP formulation 

for the 2E-CVRP derived from multi-commodity network design to study the limits and the general 

behavior of the mathematical model. The model is tested on three sets of instances, available at OR 

Library website (Beasley, 1990). Optimal solutions are found for instances up to 21 customers (76 

of 78 instances) and lower bounds are presented for all the instances. The authors also introduce 

some cuts which make the calculation time decrease. An alternative formulation is proposed by 

Gonzalez-Feliu (2008). The author compares this model to that of Gonzalez-Feliu et al. (2007) and 

proposes a method to obtain lower bounds by column generation using a set covering formulation. 
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The method needs extremely high computational times because of the exponential multiplication 

of equivalent solutions when generating columns, due to the modeling choices that led to the 

proposed model, and the author concludes that the method needs to be revised or the formulation 

changed to decrease computational time (Gonzalez-Feliu, 2008). More lower bounds for this 

problem are proposed by Crainic et al. (2008). First, the authors split the problem into two simpler 

sub-problems, one for each level; then, in a second phase, a global lower bound is computed by 

addition of the sub-problems costs without considering the interactions between both levels. Perboli 

et al. (2010) propose several cuts on the commodity-based model by introducing several 

inequalities, some of them derived from the TSP-based model and other from commodity 

formulations. All instances up to 21 customers are solved to optimality via Branch-and-Cut, as well 

as some of the 32 customers’ subset. Santos et al. (2013) proposes a branch-and-price algorithm 

from the two-echelon version from a set covering formulation for N-echelon problems, and 

estimates lower bounds using column generation. This method, tested on Gonzalez-Feliu et al.’s 

(2007) instances, obtains lower bounds of similar quality as Perboli et al. (2010). Baldacci et al. 

(2013) propose a bounding procedure based on dynamic programming and a decomposition 

algorithm that splits the problem into single and multi-depot CVRPs, obtaining exact optimums in 

144 out of 153 instances. Jepsen et al. (2013) propose a three index formulation, then new cuts and 

a BC algorithm is proposed. With this method, all instances up to 32 customers are solved to 

optimality, as well as some of those with 50 customers.  

Concerning heuristics, Crainic et al. (2010) propose a two-phase heuristic algorithm based on a 

clustering first routing second procedure plus a classical local search procedure. This heuristic has 

been used to make a satellite location analysis in order to build instances up to 250 customers, 

providing also a first sub-optimal solution as a reference for further, methods for the 2E-CVRP. 

Those results are improved by the same authors using multi-start heuristics (Crainic et al., 2011) 

combining local search ant tabu search algorithms. A hybrid heuristic ant colony algorithm for the 

same problem is proposed by Wang et al. (2011). The problem is divided into m+1 CVRP by a 

separation strategy (distance-based cluster). Then better feasible solutions are built by an improve 

ant colony optimization with multiple neighborhood descent (IACO_MND). Computational results 

show the performance of the method, which obtain comparable results to those of Crainic et al. 

(2011) in shorter times.  

Gonzalez-Feliu et al. (2010) propose a clustering-first route-second algorithm for a multi-

stakeholder, heterogeneous fleet version of the problem. Several instances derived from Fisher’s 

(1995) ones are solved. Improvements on this algorithm are shown in Gonzalez-Feliu (2012a) who 

makes a practical analysis of logistics sharing and cross docking schemes. Boissier (2011) adapts 

the Groër et al. (2010) library of VRP heuristics to solve the same problem. In that work, two 
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construction heuristics are compared (both adapted from the ALA-SAV and the TTH of Jacobsen 

and Madsen, 1980) and obtain comparable results to precedent ones. Gonzalez-Feliu and Salanova 

(2012) propose a Semi-Greedy algorithm for a real-life application of the same problem, proposing 

a set of very large instances (up to 5 depots, 14 satellites and more than 1500 customers). Breunig 

(2012) proposes a Large Neighborhood Search method (LNS) for the same problem, comparing 

the algorithm’s performance to the current literature. Hemmelmayr et al. (2012) propose an 

Adaptive Large Neighbourhood Search procedure and apply it to both LRP and 2E-CVRP 

instances. In Crainic et al. (2013) propose a Reactive GRASP with Path-Relinking, similar to that 

of Nguyen et al. (2011, 2012). The authors were able to solve instances up to 5 satellites and 50 

customers. Finally, Xu et al. (2013) propose a memetic algorithm, using a genetic algorithm to 

identify the most suitable solution spaces to investigate then a local search procedure to find most 

suitable solutions within the solution spaces. As seen before, most works use instances of Gonzalez-

Feliu et al. (2007) and Mancini (2011) (Note 2) to compare the performance of algorithms to current 

literature.  

The road-train routing problem, also known as truck-and-trailer routing problem (TTRP), concerns 

defining a route for a road-train, which is a vehicle composed by a truck and a trailer (both with 

space for freight loading). Some of the roads are not accessible by the entire convoy, but only by 

the truck. In these cases, the trailer is detached and left at a customer’s location (called a “root”) 

while the truck visits a subset of customers, returning to pick up the trailer (Nagy & Salhi, 2007). 

The difference from the basic 2E-LRP variant is that is that in this case some customers can be 

served directly a 1-route. The first studies related to the TTRP were developed in the agricultural 

field, in order to optimize the milk collection operations, and were presented as applied solving 

methods for a real situation. The milk is collected at storage tanks on the farmyards every other day 

and must be transported to dairy plants. Some of the farmyards cannot be visited by a lorry-trailer 

combination because of space restrictions. Wren (1971), Brunswicker (1986) and Vahrenkamp 

(1989) propose 3-stage heuristic procedures which work in a similar way. In the first phase 

(clustering), customers are grouped considering the number of vehicles and their characteristics 

(mostly the capacity of each lorry-trailer convoy). The second phase (allocation) consists in 

determining, for each convoy, one transshipment location. The third and last stage is the routing 

phase.  

Semet and Taillard (1993) formulate the TTRP as a Mixed Integer Program (MIP), and propose an 

algorithm based on tabu serach to solve it. An initial solution is obtained by a sequential algorithm 

and improved by tabu search, where customers are reallocated. This method does not distinguish 

between locational and routing moves. Semet (1995) proposes a clustering first routing second 

solution method. First customers are allocated to roots then the resulting routing problems are 
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solved via Lagrangian relaxation. Gerdessen (1996) assumes that all customers have unit demand 

and each trailer is parked exactly once. Initial solutions are found using a number of sequential 

heuristics. These are then improved by a selection of VRP improvement heuristics. Chao (2002) 

developed a two-stage algorithm where in the first phase an initial solution is obtained with a cluster 

first route second heuristic and the second phase improves the initial solution using a tabu search 

algorithm with customer reallocation moves. Scheuerer (2006) presents two new construction 

heuristics: a clustering-based sequential insertion procedure and an adaptation of the well-known 

sweep algorithm by Gillett and Miller (1974) and a tabu search improvement procedure. Moreover, 

the author adapts these procedures to the multi-depot and the multi-period version of the problem. 

Hoff and Løkketangen (2008) present a case study for milk collection in Norway. The problem 

they consider is essentially a multi-depot, multi-period TTRP with heterogeneous vehicles and 

without trailer customers. They propose a sophisticated tabu search algorithm for solving their 

problem and report successful solution of real-world instances, improving on the existing tour plans 

used by their industry partner. Lin et al. (2009) propose a simulated annealing (SA), then 

computational tests on the instances proposed by Chao (2002) are presented to compare the 

proposed SA algorithm to Chao’s and Scheuerer’s procedures.  

Drexl (2007) defines the VRP with Trailers and Transshipments (VRPTT) as the generalization of 

the TTRP when trailers can be pulled by different lorries on its itinerary and several transshipments 

are allowed. The author introduces also the notion of support vehicles, which are connecting the 

depots with the transshipment points without the possibility to visit any customers (1st-echelon 

vehicles). The problem is solved using branch-and-cut and branch-and-prize, which are the first 

exact methods developed for a variant of 2E-LRP. The author extends the algorithms (Drexl, 2011) 

to provide heuristics solutions for instances up to 25 truck customers and 25 trailer customers. Tan 

et al. (2006) applied a hybrid evolutionary algorithm (HMOEA) to the multi-objective variant of 

the VRPTT. The algorithm uses specialized genetic operators, a variable-length representation and 

a local search method. The authors compare it with a non-hybrid genetic algorithm (using only the 

proposed genetic operators) and a hybrid genetic algorithm where standard operators are used 

instead of those proposed by HMOEA.   

Caramia and Guerriero (2009) proposed an alternative formulation from the problem, and solved it 

heuristically by dividing the problem into two sub-problems: a customer-vehicle assignment 

problem (CAP), and a route definition problem (RDP), similar to a TSP. A heuristic method is then 

constructed by combining both formulations then the initial solutions obtained in this way are 

improved using tabu search. The algorithm is tested on Chao’s (2002) instances. The authors adapt 

the algorithm to a realistic case for milk collection by adding a multiple-restart mechanism to 

improve the solution (Caramia & Guerriero, 2010). In this case, only small instances are solved, 
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but they correspond to real vehicle dispatching problems. Villegas et al. (2010) propose two 

metaheuristics based on greedy randomized adaptive search procedures (GRASP), variable 

neighborhood descent (VND) and evolutionary local search (ELS) to solve that problem. To 

evaluate these metaheuristics the authors propose a set of 32 randomly generated problems. The 

computational experiment shows that a multi-start evolutionary local search obtain better results 

that GRASP/VND. A synthesis on such problems has recently been made by Drexl (2013).  

It is also possible to define such systems by approximating one part of the transport costs and 

considering the routing of the others. Gendron and Semet (2009) formulated the N-echelon 

location-distribution problem (NE-LDP), which differs from LRP in the cost estimation. In fact, no 

routing construction is made in the NE-LDP, but an estimated cost is defined to deliver a customer 

from a depot through a satellite. The authors propose a MIP formulation for the two-echelon variant 

of the family, and solve it using CPLEX. They also present a heuristic method based on variable 

neighborhood search. Following an initial greedy construction procedure, this method iterates over 

three phases. In the first phase (node + arc-based neighborhood descent) the authors propose four 

types of neighborhoods: (1) close one depot; (2) close one satellite; (3) serve one customer through 

a different satellite; (4) serve one satellite through a different depot. In the second phase (open 

depot + satellite neighborhood descent), two types of neighborhoods are used: (1) open one depot 

and (2) open one satellite. To evaluate the impact of each move of type (1), the authors first serve 

through the open depot every satellite connected to it, and then we perform phase 1, the node + arc-

based neighborhood descent, on the resulting network. The evaluation of each move of type (2) is 

performed similarly. Then, a diversification phase is made using an adaptive memory that stores 

the best solutions found so far, selects some of these solutions and perturbs them by performing 

random moves in a large-scale neighborhood, defined by all moves that consist in closing k paths, 

replacing them by k alternative paths. Craninc (2008) developed a theoretical route optimization 

methodology for the two-echelon freight distribution system in congested urban areas defined in 

Crainic et al. (2004). The problem is similar to the 2E-LDP and can be considered an extension of 

Gendron and Semet (2009) model to city logistics. The methodology is a support for day-before 

planning operations in a system where satellites are used as intermediate transshipment points for 

the freight distribution, and the synchronization between the vehicles of both echelons is one of the 

most constraining aspects of this problem. Those works are expanded and validated in Crainic et 

al. (2009). In the proposed method, the system is split into two connected sub-problems that are 

solved separately. However, when solving each sub-problem, constraints that take into account the 

complementary echelon are defined to keep a systemic approach. Two classes of models are 

proposed: a service network design model for the 1st-echeon vehicles, which approximates the 

second echelon routing costs, gives a first estimation of the overall costs; then a second model 

optimizes the 2nd-echelon trip costs considering the first-echelon vehicle movements.  
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Ambrosino and Scutellà (2005) proposed a mathematical programming formulation for a number 

of static and dynamic scenarios based on the general multi-echelon LRP. To explore the 

computational complexity of the models, linear programming approaches are used to find the 

optimal solution or at least provide lower bounds for problem instances based on a real-life case. 

Computational testing is limited to locating distribution and transshipment points and assigning 

large customers and customer zones to these distribution facilities. As such, the multiple echelon 

approach and routing considerations discussed in the earlier sections are not explored in the 

computational experiments. The optimal solution could only be found for the smallest problem 

instance, involving possible locations for 2 distribution centers, 5 transshipment points, 5 large 

customers and 25 customer zones. As the problem instances become larger, the gap between the 

best integer solutions found, within a time limit of several days for the large instances, and the MIP 

lower bound provided by CPLEX increases rapidly up to more than 45%. As a result, heuristic 

approaches seem to be more appropriate, even for the scaled down problems used for the 

computational experiments.  

Another cost approximation approach is the vehicle routing problem with satellite facilities (VRP-

SF). In this variant, the network includes facilities that are used to replenish vehicles during a route 

(Bard et al., 1998a, 1998b; Agnelelli & Speranza, 2002). When possible, satellite replenishment 

allows the drivers to continue the deliveries without necessarily returning to the central depot. 

However, the transportation cost of 1st-echelon vehicles is not considered in the system, i.e. only 

the second-echelon cost is taken into account in the objective function. Crevier et al. (2007) studied 

a variant of this problem where inter-satellite trips are allowed for satellite replenishment, 

presenting a model which considers the inter-satellite transportation costs and a heuristic method 

to solve the problem. This method combines an adaptive memory principle and a tabu search 

procedure.  

Another approach is that of multi-echelon facility location problems (NE-FLP). They deal with the 

location of depots and intermediary facilities. In such problems, costs are generally approximated, 

mainly by giving a fixed cost to assign each customer to each intermediary facility and in similar 

way to relate intermediary facilities among them or to a depot (Aikens, 1985). This problem does 

not contain VRP-related approaches and the main goals are related to location and allocation, but 

not to tactical actions as vehicle routing. However, detailed surveys including mathematical 

formulations and solving methods can be found in Aikens (1985), Klose and Drexl (2005), Dullaert 

et al. (2007) and Melo et al. (2009).  

Another approach when defining cross docking, transshipment and echelon exchanges is to define 

those exchange points as special customers that first receive freight, then it is collected by different 

vehicles to deliver other facilities or customers. This approach consists then to define the problem 
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as a pickup and delivery problem (PDP) at some nodes, and a classical VRP at other nodes. PDP 

are more problems but present several variants because of the different possibility to consider the 

pickups and the deliveries in route organization. Savelsberg and Sol (1995) formulated the general 

problem for transportation services with pickups and deliveries. Moreover, two other recent works 

make different classifications showing the difficulty to follow a unified lecture grid (Berbeglia et 

al., 2007; Parragh et al., 2008). An explicit multi-echelon variant of the PDP is the VRP with cross 

docking operations, described in Wen et al. (2009). Two types of vehicles are defined: one type 

make the delivery operations at a cross docking platform and the other type is charged of picking 

up the freight and shipping it to customers. At each cross docking platforms, delivery vehicles must 

arrive before pickup vehicles. The authors propose a mathematical formulation for instances with 

only one cross docking platform and a Tabu Search heuristic procedure which uses two 

neighborhoods and is finally embedded within an Adaptive Memory Procedure (AMP), in order to 

reach better and most robust solutions. This problem is interesting because decisions for cross 

docking operations (in terms of loading, unloading and consolidation) are taken into account. 

However, no generalization to a multi-platform problem has been formulated Another variant 

consists on allow pickup and deliveries on all nodes of the graph, but consider transshipment points 

as special nodes where the pickup and the delivery commodities are equal for each point (in nature 

and quantity) and freight needs to be first delivered to be then picked up. Some examples are 

described in Drexl (2013). 

1.2.2 Research on Cross Docking 

Cross docking practitioners have to deal with many decisions during the design and operational 

phase of cross docks. These decisions can have a serious impact on the efficiency, so they have to 

be carefully taken. In the literature, several decision problems are studied. Some of these problems 

are more concerned about decisions with effects on a longer term (strategic or tactical), while others 

deal with short-term decisions (operational). This section gives a review of the existing literature 

about cross docking problems. The literature review is structured according to the basic planning 

process a manager, wanting to start with cross docking, is confronted with. 

The first decisions that have to be taken during the planning process are strategic decisions: where 

will a cross dock (or cross docks) be located and what is the best layout of a cross dock. Once the 

cross dock is available, it will be part of a supply network (with one or more cross docks). A tactical 

decision that has to be made then is how the goods will flow through the network to minimize the 

costs, while making supply meet demand. Next, the manager is faced with the operational decision 

(although it has also tactical aspects) of vehicle routing: before arriving at the cross dock, freight 

has to be picked up at various locations, and the goods have to be delivered to multiple locations 
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after consolidation at the cross docking terminal. Other operational decisions deal with the 

assignment of trucks to dock doors or the scheduling of the trucks, and with the location where 

goods will be temporarily stored. Of course, the manager will also be confronted with problems 

that are not specific for cross docking: the scheduling of the internal resources for the loading and 

unloading of the freight (e.g. the workforce), choosing the best staging strategy and determining an 

optimal truck packaging sequence. 

The next sections describe the cross docking problems dealt with in the literature. Only the problems 

that are specific for cross docking are considered. First, the strategic decisions are discussed: the 

location of cross docks and layout design. The tactical problem of cross docking networks is 

described next. Further, the operational decisions are handled: vehicle routing, dock door 

assignment, truck scheduling and temporary storage. Finally, some papers that study other issues 

related to cross docking are discussed. 

1.2.2.1   Location of cross docks 

 

The location of one or more cross docks is part of the design of a distribution network or supply 

chain. An important strategic decision that has to be made concerns the position of these cross 

docks. This problem cannot be handled isolated from the decisions that determine how the goods 

flow through this network. The problem where to locate facilities (e.g. distribution centers or plants) 

has attracted a considerable amount of attention. The papers discussed in this section determine 

additionally the optimal flow of goods through the network. Moreover, they regard the facilities to 

be cross docks because they explicitly take individual vehicles into account or because temporary 

storage is not allowed. 

A first study about the location of cross docks is performed by Sung and Song (2003). In the 

considered problem, goods have to be transported from supply to demand nodes via a cross dock 

(direct shipments are not allowed). The cross dock can be chosen from a set of possible cross dock 

locations, each with an associated fixed cost. The demands are assumed to be known and there are 

two types of vehicles with a different capacity and cost. The aim is to find which cross docks should 

be used and how many vehicles are needed on each link in order to minimize the total cost. This 

total cost consists of the fixed costs of the used cross docks and the transportation costs. The authors 

present an integer programming model of the problem. This model is very similar to the model 

presented by Donaldson et al. (1999) and Musa et al. (2010) and similar simplifying assumptions 

are applied. Compared with these two papers however, the approach of Sung and Song (2003) does 

not consider direct shipments but does include the location decision. Because the problem is NP-

hard, a Tabu search-based algorithm is proposed to solve the problem. The solutions determine how 



Page | 56  
 

the goods flow through the network. Based on this flow, the number of vehicles can be derived by 

solving a sub problem. Some computational experiments are performed on generated test instances 

and indicate that the proposed algorithm finds good feasible solutions within a reasonable time. 

Sung and Yang (2008) extend this work and propose a small improvement to the Tabu search 

algorithm. The authors also present a set-partitioning-based formulation of the problem and propose 

a branch-and-price algorithm based on this formulation to obtain exact solutions. The computational 

results show that this algorithm gives better results in terms of the number of (small- scale) problem 

instances solved and the required computation time compared with the results obtained by solving 

the integer programming model with the optimization software package CPLEX. 

Gumus and Bookbinder (2004) study a similar problem, but now direct shipments are allowed and 

multiple product types are considered (multi commodity). The facility cost for each cross dock 

consists of a fixed cost and a throughput cost charged per unit load. The transportation cost also has 

two components: a fixed cost for each truck and a variable cost per unit load per unit distance. A 

last cost that is taken into account is the cost for in transit inventory. In this approach, the 

synchronization of inbound and outbound trucks is not taken into account. The authors provide a 

mixed integer programming model of the problem. By solving several smaller problem instances 

optimally (with the optimization software packages LINGO and CPLEX), the influence of several 

cost parameters is studied. The authors conclude that the optimal number of cross docks is an 

increasing function of the ratio between the (fixed) truck cost and the (fixed) facility cost. 

A different approach is taken by Jayaraman and Ross (2003). They study a multi-echelon problem 

in which goods (from multiple product families) have to be transported from a central 

manufacturing plant to one or more distribution centers. From there, the goods are moved via cross 

docks to the customers. The problem is tackled in two stages. In the first stage, a strategic model is 

used to select the best set of locations for the distribution centers and cross docks. The authors 

provide an integer programming formulation that aims to minimize the fixed costs associated with 

operating open distribution centers and cross docks and the various transportation costs. Demand 

splitting is not allowed: customers have to be assigned to single cross docks while cross- docks 

have to be assigned to single distribution centers only. In the second stage, an operational model 

decides upon the quantities of each product type that need to be transported via distribution centers 

and cross docks. The model tries to minimize the transportation costs while satisfying customer 

demand. This model is less restrictive than the first model (it relaxes for instance the demand 

splitting assumption) and can be executed once the open distribution centers and cross docks are 

determined with the help of the first model. Both models are more simplified compared with the 

previous approaches. For instance, individual vehicles are not considered and the transportation 

cost is proportional to the quantity to ship. The authors propose a simulated annealing approach to 
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solve larger problem instances. The computational experiments on generated problem instances 

indicate that the heuristic gives results with a deviation of about 4% of the optimal solution 

(obtained with LINGO), but 300 – 400 times faster. 

In another paper Ross and Jayaraman (2008) present two other heuristics to tackle the problem. 

Both heuristics are based on simulated annealing but use an extra mechanism to avoid locally 

optimal solutions. The first heuristic makes use of a Tabu list, the second heuristic allows a sudden 

re-scaling of the ‘system temperature’. For both heuristics, the solution quality and computational 

performance are tested for different ‘cooling schemes’. The experimental results indicate that the 

simulated annealing heuristic combined with Tabu search gives better solutions in slightly more 

time. Bachlaus et al. (2008) also consider a multi-echelon supply chain network, including 

suppliers, plants, distribution centers, cross- docks and customers. The goal is to optimize the 

material flow throughout the supply chain and to identify the optimal number and location of 

suppliers, plants, distribution centers and cross- docks. The problem is formulated as a multi-

objective optimization model that tries to minimize the total cost and to maximize the plant and 

volume flexibility. Because of the computational complexity of the problem, the authors propose a 

variant of particle swarm optimization (PSO) to design the supply chain. Some computational 

experiments are conducted and the results show that the proposed solution approach gives better 

results than a genetic algorithm and two other PSO variants. 

1.2.2.2   Layout design 

Once the location of a cross dock is determined, another strategic decision that has to be made is to 

choose the layout of the cross dock. The layout is interpreted as the dimension and shape of the 

cross dock, as well as the dimension and shape of the internal cross dock areas and their 

arrangement. 

Bartholdi and Gue (2004) focus on the shape of a cross dock. Most existing cross docks are long, 

narrow rectangles (I-shape), but there are also cross docks shaped like an L, U, T, H or E. The cross 

dock shape is sometimes determined by simple constraints (e.g. size and shape of the lot on which 

it will stand), but in this paper the focus is on how the shape affects cross dock performance. Several 

experiments are performed in which the labor costs (estimated by the total travel distance) are 

measured for different shapes. The experiments suggest that an I-shape is the most efficient for 

smaller cross docks (fewer than about 150 doors). For docks of intermediate size, a T-shape is best 

and for more than 200 doors (approximately) an X-shape is best. Cross docks with a T or X-shape 

have a greater ‘centrality’. However, they achieve this at the cost of additional corners which reduce 

the labor efficiency (two inside and two outside corners for T, four inside and four outside corners 

for X). An inside corner renders some doors unusable, while doors around an outside corner have 
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less floor space available to stage freight. So, these additional corners are a fixed cost, which begins 

to pay off for larger docks. It is however not always easy to predict which shape is better, because 

this also depends on e.g. the freight flow pattern. Other papers deal with the design of the storage 

area where the freight can be temporarily staged (on the floor or in racks). In many cases, the freight 

is placed in several parallel rows and the workers can move between these rows. Vis and 

Roodbergen (2008) deal with the operational decision where to temporarily store incoming freight. 

The proposed algorithm can also be used during the design phase to determine the optimal number 

of parallel storage rows and their lengths. The (single-stage or two-stage) storage area can also be 

organized in parallel lanes directly next to each other which can only be accessed at both ends. Gue 

and Kang (2001) make use of simulation to study the behavior of these so-called staging queues. 

The results suggest that, for a single-stage storage area, it is better to have more short lanes than 

fewer long ones, at least when the workers follow a rational approach. The results also indicate that 

two-stage cross docking has a significantly lower throughput than single-stage cross docking. 

1.2.2.3   Cross docking networks 

Some authors do not study problems concerning a single cross dock, but consider a network that 

contains one or more cross docks. The aim is to determine the flow of goods through such a network 

in order to reduce costs, while making supply meet demand. The research of Lim et al. (2005) 

extends the traditional transshipment problem. The transshipment problem consists of a number of 

supply, transshipment and demand nodes. The arcs between these nodes have different capacity 

limits and costs. The objective is to find a minimum cost flow that meets all demands and the 

capacity constraints. In the extended transshipment problem, storage is allowed at the transshipment 

centers. These centers can be considered as cross docks because the aim of the model is to minimize 

or eliminate holdover inventory. Moreover, this problem takes supplier and customer time windows 

into account and considers the capacity and holding costs of the cross- docks. All shipments have 

to pass via a cross dock, so no direct shipments are considered. Similar to the original problem, the 

objective is to minimize the total cost (transportation costs and holding costs) while meeting 

demand and respecting the time windows and capacity constraints. If multiple departures and 

deliveries within a time window are allowed (multiple shipping– multiple delivery), the authors 

show that a time-expanded net- work can be used to formulate the problem as a minimum cost flow 

problem (MCFP) which can be solved in polynomial time. For other cases, the authors prove that 

the problem is NP-hard. 

For the special case when only one delivery or departure is allowed within a time window and the 

departure and arrival times are fixed (single shipping–single delivery with fixed schedules), a 

genetic algorithm is developed by Miao et al. (2008). This heuristic gives better results (in terms of 

solution quality and computation time) than solving the integer programming formulation of the 
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problem with CPLEX (with a time limit). Chen et al. (2006) study a similar problem which they 

call the multiple cross dock problem. The major differences are that supplies and demands are not 

splittable and that different products can be considered (multi commodity flow problem). Also, 

transportation time is in this approach not taken into account. An integer programming formulation 

of the problem is provided, together with a proof of its NP-completeness. The authors propose three 

heuristics (simulated annealing, Tabu search and a combination of both) to solve the problem. These 

heuristics provide better solutions than those obtained by solving the integer programming 

formulation with CPLEX, within only less than 10% the time used by CPLEX. Among the three 

heuristics, Tabu search seems to give the best results. 

The previous studies represent the shipment of goods as flows. Individual transportation units are 

not considered and the transportation cost is proportional to the quantity to ship. However, to take 

advantage of consolidation, the vehicle transportation cost should be taken into account. A first 

approach that does consider the transportation vehicles explicitly (and this is why the authors regard 

it as cross docking) is taken by Donaldson et al. (1999). In the considered problem, the goal is to 

determine whether to route freight directly from suppliers to customers or via a cross dock and how 

many vehicles should be scheduled on each transportation link in order to minimize the 

transportation costs. Compared with the previous approaches however, this problem is more 

simplified, e.g. storage at the cross docks is not considered and the synchronization of inbound and 

out bound trucks is left out of the problem. The authors eliminate links with a large transportation 

time in an attempt to consider time windows. However, when the due dates at the destination nodes 

can vary for the different goods, it is possible that the vehicle allocation of an obtained solution 

violates the due dates in practice. The authors present an integer programming model of the 

problem. Because the problem is difficult to solve with branch-and-bound algorithms, an alternative 

approach is proposed. In this approach, an iterative procedure is used in which either the integrality 

restrictions on the links from origin nodes to the cross docks or on the links from the cross docks to 

the destination nodes are relaxed. This relaxation heuristic provides near optimal solutions in an 

acceptable time. The authors used this approach to compare several scenarios (with a different 

number of cross docks at different places) for the network design of a postal service company. The 

same problem is also studied by Musa et al. (2010). They propose an ant colony optimization (ACO) 

heuristic to solve the problem and show that this heuristic gives in a short time slightly better results 

than a branch-and-bound approach (with the optimization software package LINDO) that requires 

a much longer time. 

The approach of Ma et al. (2011) takes most of the above mentioned concerns into account. The so 

called shipment consolidation problem (SCP) considers supplier and customer time windows and 

also the transportation times between the network nodes. Moreover, storage at the transshipment 
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centers (cross docks) is taken into account, shipments can be transported directly to their destination 

or via a cross dock and the transportation cost accounts for the number of trucks. However, only 

one type of products is considered (single commodity). Again, the objective is to minimize the total 

cost (transportation and inventory cost) while satisfying the constraints imposed by the time 

windows. The authors present an integer programming model of the problem and show that it is 

NP-complete in the strong sense. Therefore, the authors propose a (two-stage) heuristic algorithm 

to solve the problem. The basic idea of the algorithm is to consider first trucks that can be fully 

loaded and then to find solutions that combine several smaller loads that are not considered yet. In 

the first stage, a full truckload plan (TL plan) and an initial less-than-truckload plan (LTL plan) are 

constructed. In the second stage, this initial LTL plan is improved iteratively by using a 

metaheuristic (squeaky wheel optimization or genetic algorithm). The computational experiments 

indicate that the proposed heuristic gives competitive results compared to CPLEX (with a time 

limit) within a much shorter time. 

1.2.2.4   Dock door assignment 

When an inbound or outbound truck arrives at the cross dock, it has to be decided to which dock 

door the truck should be assigned. A good assignment can increase the productivity of the cross 

dock and can decrease the (handling) costs. So, the dock door assignment problem tries to find the 

‘optimal’ assignment of inbound and outbound trucks to dock doors. It is assumed that there are at 

least as much dock doors as trucks, so each truck will be assigned to a different door and time 

aspects are not taken into account. If this condition is not fulfilled, the dock doors can be seen as 

(scarce) resources that have to be scheduled over time. This is the so-called truck scheduling 

problem. Both problems can be quite complex due to the number of doors and the dynamic nature 

of the problem. This section deals with the dock door assignment problem. 

The assignment of dock doors can be executed on a mid-term or short-term horizon (2010). Several 

papers solve the assignment problem on a mid-term horizon. Then, each dock door serves a specific 

inbound or outbound destination for a longer period of time (e.g. 6 months). All trucks coming from 

the same origin or having the same destination are assigned to the same dock. Such a fixed 

assignment is easier for workers because they know exactly to which dock door they need to ship 

each load, but it comes at the expense of reduced flexibility. Even if a fixed assignment is used, it 

is important that the dock doors are reassigned when there is a significant chance of shipping 

pattern. 

When data about the inbound trucks are known far enough in advance, the assignment of the trucks 

can be solved on a short term horizon. The trucks itself are assigned to the dock doors based on the 

actual freight flow. The floating dock concept is put forward by Peck (1983) who studied the 
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material handling operations in an LTL terminal. Such an assignment implies that the workers are 

every day confronted with a different door for the same destination and have to take care that the 

freight is loaded into the correct truck. The use of modern information technology (e.g. bar code or 

RFID scanning together with WMS) can be useful for this end. 

A combination of both is also possible. Several papers consider a cross dock in which destinations 

are assigned to stack doors (so the outbound trucks are assigned on a mid-term horizon), while the 

assignment of the inbound trucks is done on a short-term horizon. 

In his dissertation, Peck (1983) develops a detailed simulation model of an LTL terminal and tries 

to assign the trucks to a dock doors in order to minimize the travel time of the shipments. It is 

assumed that the travel time to transport the products between two trucks can be expressed as a 

function of the distance, based on the tactual contents of the trucks and required means of transport 

(2 wheeler, 4 wheeler or forklift). The designation of doors as either strip or stack doors is fixed 

beforehand. The problem is formulated as an integer programming model and because of the 

computational complexity, a heuristic (greedy balance algorithm) is provided to solve it. Simulation 

shows that his heuristic improves an assignment based on experience and intuition. 

Another early study about the assignment of trucks to dock doors is performed by Tsui and Chang 

(1990). In this paper, a cross dock is considered in which no storage is provided; all shipments go 

directly from inbound to outbound trucks. The problem is solved on a mid-term horizon, so the 

origins and destinations have to be assigned to dock doors, not the trucks itself. The designation of 

doors as strip or stack doors is fixed. The assignment problem is formulated as a bilinear 

programming problem that tries to minimize the travel distance of the forklifts (the number of 

forklift trips required to carry a certain load is assumed to be known). To solve it, the authors 

propose a simple heuristic method to find a local optimum. The authors do not provide test results, 

but conclude that the found solution can serve as a good starting point for the cross dock manager. 

There exist exact algorithms to solve bilinear optimization problems, but these are not very suited 

for this problem as the same authors mention in Tsui and Chang (1992). In this paper, a branch and 

bound algorithm is proposed to solve the dock door assignment problem exactly. The numerical 

tests show that this algorithm is however computational expensive. 

Bermudez and Cole (2001) deal with a very similar problem, but now there is no fixed designation 

for the doors. All doors can have assigned either an origin or a destination. The mathematical model 

of Tsui and Chang (1990) is adapted to take this into account. The objective function minimizes the 

total weighted travel distance instead of the real travel distance. A genetic algorithm (GA) is 

proposed to solve this problem. Based on data from an LTL carrier, the authors study the impact of 
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different GA parameters on the solution and compare the results of the genetic algorithm with the 

results obtained with a pairwise exchange technique (2-opt). The genetic algorithm seems to give 

comparable or slightly better results. 

Cohen and Keren (2009) also extend the approach of Tsui and Chang (1990). The mathematical 

model is adapted to allow that freight for a certain destination can be split and delivered to multiple 

doors assigned to that destination (the capacity of the outbound trucks is taken into account). The 

proposed formulation is a non-linear MIP model that is impractical for real size problems. So, the 

authors propose a heuristic algorithm to solve it. Because of its simplicity, the heuristic can be easily 

recalculated to adapt to small changes in the freight flow pattern. It is however not clear how well 

this heuristic performs. 

A different assignment problem is considered by Oh et al. (2006). This paper deals with cross 

docking in a mail distribution center in which the different doors (and corresponding destinations) 

are clustered into groups. Each group has a shipping area located at the center of its stack doors. 

Arriving products are transported from the inbound trucks to these shipping areas, sorted according 

to their destination and loaded into outbound trucks. When a large amount of freight has to be 

shipped to a destination, this destination can be assigned to several stack doors. The objective is to 

find an assignment of destinations to stack doors and a clustering of destinations in groups that 

minimizes the total travel distance. So, the assignment of strip doors is not considered, and the 

assignment of stack door is solved on a mid-term horizon. The authors present a non-linear 

programming model of the problem and propose two heuristic methods to solve it: a decomposition 

heuristic and a genetic algorithm. Based on data obtained from the mail distribution center, the 

computational results indicate that both heuristics can reduce the travel distance compared with the 

current situation (about 13% for the decomposition heuristic and about 9% for the genetic 

algorithm). 

When the cross dock supervisor assigns incoming trailers to doors in real time based on the contents 

of the trailers and the location of the doors (‘look-ahead scheduling’ instead of FCFS), the material 

flows are altered and dependent on the layout. In a paper Gue (1999) examines the effect of look-

ahead scheduling on the material flows and the layout of the cross dock. To determine the layout 

with the lowest labor cost, the author proposes to search the solution space of all layouts with a 

local search algorithm (that swaps pairs of trucks). For a given layout, the labor costs can be 

determined if the resulting material flows are known (only travel costs are considered, no 

congestion costs). To model these flows, ‘biased trailers’ are constructed by solving a linear 

programming problem. Such a trailer contains freight that is biased toward the destinations that are 

closest to the strip doors to which it is assigned. The author proposes a specific look-ahead 

algorithm to test the solutions using simulation.  
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Brown (2003) studies the problem of assigning trucks to dock doors and how to unload the inbound 

trucks. For the trailer to door assignment problem, the objective is to minimize the total travel 

distance. A semi-permanent layout is constructed in two phases. The first phase allocates dock 

doors as strip or stack door and also assigns destination to the stack doors. Similar to Bartholdi and 

Gue (2000) ‘average trailers’ are used as inbound trailers. Starting from an initial assignment, a 

local search is performed with pairwise exchanges of trucks to generate a final solution. In the 

second phase, the inbound trucks are assigned to strip doors. Pairwise exchanges of inbound trucks 

are used to improve an initial assignment. 

Bozer and Carlo (2008) also consider a semi-permanent and a dynamic layout. To determine the 

assignment of outbound trucks for the semi-permanent layout, the solution space of possible 

assignments is searched as done by Gue (1999) and Brown (2003), but simulated annealing is used 

instead of local search. Also different is that no ‘average’ or ‘biased’ inbound trucks are assumed, 

but actual data of several assignment periods are used. For a given outbound door assignment, the 

optimal inbound trailer-to-door assignment and the corresponding travel distance are then 

determined by solving a linear assignment problem (for which efficient algorithms exist). This is 

done multiple times, for each assignment period, and the sum of the resulting distances is taken. In 

this way, the variability in freight flow is taken into account. Once the optimal assignment of 

outbound trucks is determined, the short-term assignment of inbound trucks can be found by again 

solving the linear assignment problem. For the dynamic layout, the authors model the problem as a 

quadratic assignment problem (QAP) with rectilinear distances and present a MIP formulation. 

Yu et al. (2008) also consider a semi-permanent layout. The objective is to minimize the total travel 

time. To determine the short-term assignment of inbound trucks, an online policy (different from 

FCFS) is proposed that assigns arriving inbound trucks on a real-time basis. This policy is however 

myopic. It only guarantees to minimize the processing time of the considered inbound truck, but it 

may worsen the processing time of future arriving trucks. The designation of doors as strip or stack 

door and the mid-term assignment of the outbound trucks is found by solving the destination-door 

allocation problem (DDAP). The objective function of this problem is the expected value of the 

travel time with respect to several representative scenarios. A scenario describes the arrival times 

and the contents of the inbound trucks and is based on actual data instead of averages. In this way, 

the variability in freight flow is taken into account in a similar way as by Bozer and Carlo (2008). 

The applied on-line policy is also taken into account by the objective function. Two heuristics are 

provided to solve the DDAP: a local search heuristic and a genetic algorithm. The authors 

performed a computational study using simulated data patterned after actual data. The results show 

that both heuristics can reduce the total travel time with about 20% compared with current practice. 

1.2.2.5   Temporary storage 
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Although the idea of cross docking is to unload products from trucks and directly load the products 

into departing trucks, temporary storage is usually inevitable. Freight has to be staged because of 

the imperfect synchronization of inbound and outbound trucks and because the goods do not arrive 

in the sequence in which they must be loaded. The loading sequence is for instance determined by 

the need to build tightly packed loads or to place fragile products on top, or by the order in which 

the goods have to be delivered if there are multiple stops (Bartholdi and Gue, 2004). Usually, a 

dispatching rule is used to determine where the freight has to be staged, for instance in front of the 

dock door where the outbound truck is or will be docked. 

A first study is performed by Vis and Roodbergen (2008). In this paper, the aim is to determine 

temporary storage locations for incoming freight such that the total travel distance of the goods is 

minimized. It is assumed that the dock door assignment and the travel distances are known. 

Werners and Wulfing (2010) try to optimize the temporary storage locations at a parcel sorting 

center of Deutsche Post World Net. Arriving freight is transported to the loading areas by means of 

conveyors. In these loading areas, the freight is temporary stored in ‘endpoints’, which are situated 

next to the conveyors. From there, the parcels are manually carried (with roll containers) to the dock 

doors for further transport. This manual transport is time consuming and costly. So, the objective 

of the article is to minimize the travel distances between the endpoints and dock doors. 

In his Doctoral dissertation, Sandal (2005) uses simulation to compare several staging strategies in 

order to support the optimal loading of the outbound trucks. The author distinguishes three cases 

that determine which freight is staged: no freight is staged (pure cross docking), all freight is staged 

and the loading only starts when all goods are stored, or the goods that will (seriously) violate the 

scheduled loading sequence are staged while the other freight is loaded directly. When the freight 

is staged, two strategies can be distinguished. In the first strategy, the storage area before each stack 

door is treated as a single FCFS queue. In the second strategy, these storage areas are divided into 

three equal zones and freight is placed in one of these zones based on its ranking in the scheduled 

loading sequence. 

1.3 Research Gap and Present State of the Problem 

From the literature review, we observe heterogeneous groups of works and approaches, with 

different notations and methodologies. In order to design a general Supply Chain framework to 

guide vehicle routing for multi-echelon (or multi-stage) transport systems using cross docking, it is 

important to examine them in depth. 

There are very few research works addressing the open loop (OL) network design problem using 

multi objective (MO) optimization model to analyze trade-offs among financial performance, 
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delivery time, and negative environmental impacts (carbon dioxide emissions) in the system. Some 

researchers have worked for combination of financial performance with other performance 

indicators in multi objective (MO) optimization in OL network, such as: cost, delivery time, and 

quality (Che and Chiang, 2010); cost, customer service, and utilization of capacity (Altiparmak et 

al., 2006); profit and supplier defects (Franca et al., 2010); cost and lead time (Cardona-Valdés et 

al., 2011, Moncayo-Martínez and Zang, 2011); cost and negative environmental impact of SC 

activities (Wang et al., 2011); cost, lead time, and lost sales (Liu and Papageorgiou, 2013). 

In closed loop (CL) network design approaches, different MO models were suggested by 

researchers to identify several trades offs, for example: profit, level of satisfaction, and fill rate of 

customer demand (Özkır and Basligil, 2013); profit and cost (Shi et al., 2011). 

This research work will be concerned with formulation of a generic mathematical model using 

mixed integer programming in an MO scenario to address transportation cost, delivery time, and 

negative environmental impacts assisting decision makers with a more comprehensive 

transportation network evaluation tool to select the most sustainable SC solution. 

1.4 Objectives with Specific Aims 

The main objectives of this research work are as follows: 

 To develop a generic mathematical model for transportation of petroleum products in 

intermodal network in an open loop (OL) three echelon supply chain that will aim at- 

a) Minimization of total transportation cost 

b) Minimization of delivery time 

c) Minimization of negative environmental impact due to vehicular emission 

 To solve the developed mathematical model using an appropriate metaheuristic 

algorithm in search for globally optimum values to optimize the objective functions 

and examining Pareto efficiency. 

1.5 Possible Outcomes 

The developed model will also be applicable for transportation of other products 

like different types of industrial raw materials or finished goods, fertilizers and agriproducts 

those follow three echelon OL supply chain to attain the aforementioned objectives. 

1.6 Outline of Methodology 
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The methodology of the research work is outlined as follows: 

i. Three objective functions are developed for minimization of overall 

transportation cost, delivery time and negative environmental effect. 

ii. The necessary historical demand data at different district depots of various 

petroleum products are collected from Bangladesh Petroleum Corporation and 

analyzed to choose an appropriate forecasting method. 

iii. Other required data like capacity of each facility, available transportation 

modes, average speed and capacity of various transports are also collected. 

iv. All the necessary linear and nonlinear constraints are developed to make sure 

that the objective functions are bounded. 

v. After careful study, to solve the multi objective functions, an appropriate 

metaheuristic model is chosen to determine a set of globally optimum values 

and Pareto efficiency. 

vi. Finally, the collected data are used to verify and validate the proposed 

transportation model. 

 

 

The description of the proposed mathematical model for transportation network design of 

petroleum products is explained in three sub-sections: problem definition, model elements and 

model formulation, respectively.  

2.1 Problem Definition  

In this thesis work the mathematical model regarding transportation network design problem for 

petroleum products is devoted to accommodate three kinds of echelons, namely main receiving 

depots, intermediate cross dock depots and destination depots in which the connection between 
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echelons is depicted in the Figure 2.1. In this model multiple products are considered. Associated 

with each connection, there are several transportation alternatives (i.e., rail, road, barge etc.).  

2.2 Assumptions 

Several assumptions are stated to establish the mathematical model:  

 Demands of all destination depots are known and deterministic 

 Every variety of product is moved along forward path of network (receiving main 

depots to intermediate cross dock depots and intermediate cross dock depots to 

destination depots) to meet the customer demand 

 Every destination depot’s demand can be satisfied by a single or multiple facilities 

(main receiving point depots, intermediate cross dock depots) 

 Intermodal transportation options (i.e., road-rail, road-sea, etc.) are possible to serve 

customer demand  

 Distances might be different depending upon the transportation modes  
 All transportation options have a limited capacity 

 For a specific transportation mode all the available transports have the same capacity  
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Figure 2.1: Schematic of connections among echelons in the transportation network 

 

2.3 Model Elements 

Considering the problem described in the previous section, transportation network design model 

involves the following sets, parameters and variables. Two types of decision variables are applied 

to fulfill the goals of the mathematical model, namely binary variables those determine the 

network structure and continuous variables that determine the amount of product that flows along 

the network. A summary of model sets, parameters and variables is outlined in in the following 

sections. 

2.3.1 Parameters of the Mathematical Model 

 

i = Receiving depot index 

j = Intermediate DC depot index 

k = Destination depot index 

𝐹𝑖 = Fixed operating cost of receiving depot per period 

𝐹𝑗 = Fixed operating cost of intermediate cross dock depot per period 

𝐶𝑝
𝑚 = Per unit distance shipping cost of per unit product variety p using transport mode m 

𝑑𝑖𝑗
𝑚 = Distance between location i and j for transportation mode m 

𝑑𝑗𝑘
𝑚 = Distance between location j and k for transportation mode m 

𝑑𝑖𝑘
𝑚 = Distance between location i and k for transportation mode m 

𝐷𝑘𝑝 = Demand of product p at destination depot k per period 

Main Receiving 
depots 

Intermediate DC depots Destination 
Depots 
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𝐸𝑖𝑝 = Capacity of receiving depot i for product p 

𝐹𝑗𝑝 = Capacity of intermediate cross dock depot j for product p 

𝐺𝑘𝑝 = Capacity of destination depot k for product p 

𝑁𝑖
𝑚 = Available no of transport mode m at location i 

𝑁𝑗
𝑚 = Available no of transport mode m at location j 

𝑉𝑚 = Average speed of transport mode m 

𝐻𝑖𝑝
𝑚 = Average material handling cost of per unit product p using mode m at  

 
facility i 
 

𝐻𝑗𝑝
𝑚 = Average material handling cost of per unit product p using mode m at  

 
facility j 
 

𝐻𝑘𝑝
𝑚  = Average material handling cost of per unit product p using mode m at  

 
facility k 
 

ℎ𝑖𝑝
𝑚 = For mode m average handling time of per unit product p at facility i  

ℎ𝑗𝑝
𝑚 = For mode m average handling time of per unit product p at facility j  

ℎ𝑘𝑝
𝑚  = For mode m average handling time of per unit product p at facility k  

𝑒𝑝
𝑚 = Emission amount of per unit product p for per unit distance shipping 

 
using mode m 

   

2.3.2 Binary Decision Variables 

 

𝑥𝑖 = Variable that describes whether a receiving depot will be kept open or closed at 
location i 

𝑦𝑗 = Variable that describes whether an intermediate DC depot will be kept open or 
closed at location j 

𝑌𝑖𝑗𝑝
𝑚  = Variable that describes whether product p is transported through mode m from 

facility i to j 
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𝑍𝑗𝑘𝑝
𝑚  = Variable that describes whether product p is transported through mode m from 

facility j to k 

𝑊𝑖𝑘𝑝
𝑚  = Variable that describes whether product p is transported through mode m from 

facility i to k 

2.3.3 Continuous Variables 

𝑄𝑖𝑗𝑝
𝑚  = Quantity of product p shipped via mode m from facility i to j 

𝑄𝑗𝑘𝑝
𝑚  = Quantity of product p shipped via mode m from facility j to k 

𝑄𝑖𝑘𝑝
𝑚  = Quantity of product p shipped via mode m from facility i to k 

2.3.4 Objective Functions 

1st objective: Minimization of cost 

Min f1 = 

= 

Variable cost + Fixed cost 

∑ ∑ ∑ ∑ (𝐶𝑝
𝑚

𝑚 𝑑𝑖𝑗
𝑚 + 𝐻𝑖𝑗𝑝

𝑚 ) 𝑄𝑖𝑗𝑝
𝑚  𝑌𝑖𝑗𝑝

𝑚
𝑝𝑗𝑖 + ∑ ∑ ∑ ∑ (𝐶𝑝

𝑚
𝑚 𝑑𝑗𝑘

𝑚 +𝑝𝑘𝑗

𝐻𝑗𝑘𝑝
𝑚 ) 𝑄𝑗𝑘𝑝

𝑚  𝑍𝑗𝑘𝑝
𝑚  + ∑ ∑ ∑ ∑ (𝐶𝑝

𝑚 𝑑𝑖𝑘
𝑚 + 𝐻𝑖𝑘𝑝

𝑚 )𝑚 𝑄𝑖𝑘𝑝
𝑚  𝑊𝑖𝑘𝑝

𝑚
𝑝𝑘𝑖 + ∑ 𝐹𝑖𝑥𝑖𝑖  + ∑ 𝐹𝑗𝑦𝑗𝑗  

2nd objective: Minimization of delivery time 

Min f2  =   𝑀𝑎𝑥 [𝑀𝑎𝑥 (
𝑑𝑖𝑗

𝑚  𝑌𝑖𝑗𝑝
𝑚  

𝑉𝑚
+ (ℎ𝑖𝑝

𝑚 + ℎ𝑗𝑝
𝑚) 𝑄𝑖𝑗𝑝

𝑚  𝑌𝑖𝑗𝑝
𝑚 ) + 

𝑀𝑎𝑥 (
𝑑𝑗𝑘

𝑚  𝑍𝑗𝑘𝑝
𝑚  

𝑉𝑚
+  (ℎ𝑗𝑝

𝑚  + ℎ𝑘𝑝
𝑚 ) 𝑄𝑗𝑘𝑝

𝑚  𝑍𝑗𝑘𝑝
𝑚 ), Max (

𝑑𝑖𝑘
𝑚  𝑊𝑖𝑘𝑝

𝑚  

𝑉𝑚
 +(ℎ𝑖𝑝

𝑚 + ℎ𝑘𝑝
𝑚 ) 𝑄𝑖𝑘𝑝

𝑚  𝑊𝑖𝑘𝑝
𝑚 )] 

3rd objective: Minimization of environmental emissions 

Min f3  = ∑ ∑ ∑ ∑ 𝑒𝑝
𝑚 𝑑𝑖𝑗

𝑚 𝑄𝑖𝑗𝑝
𝑚

𝑚  𝑝𝑗𝑖 𝑌𝑖𝑗𝑝
𝑚  +∑ ∑ ∑ ∑ 𝑒𝑝

𝑚 𝑑𝑗𝑘
𝑚 𝑄𝑗𝑘𝑝

𝑚
𝑚  𝑝𝑘𝑗  𝑍𝑗𝑘𝑝

𝑚  

+ ∑ ∑ ∑ ∑ 𝑒𝑝
𝑚 𝑑𝑖𝑘

𝑚 𝑄𝑖𝑘𝑝
𝑚

𝑚𝑝𝑘𝑖 𝑊𝑖𝑘𝑝
𝑚  

2.3.5 Constraints 

 

∑ ∑ 𝑄𝑖𝑗𝑝
𝑚

𝑚𝑖  = ∑ ∑ 𝑄𝑗𝑘𝑝
𝑚

𝑚𝑘  Ɐ j and p (1) 

∑ ∑ 𝑄𝑗𝑘𝑝
𝑚

𝑚𝑗  + ∑ ∑ 𝑄𝑖𝑘𝑝
𝑚

𝑚𝑖 = Dkp Ɐ k and p (2) 
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∑ ∑ 𝑄𝑗𝑘𝑝
𝑚

𝑚𝑗  + ∑ ∑ 𝑄𝑖𝑘𝑝
𝑚

𝑚𝑖  ≤ Gkp Ɐ k and p (3) 

∑ ∑ 𝑄𝑖𝑗𝑝
𝑚

𝑚𝑖   ≤ Fjp Ɐ j and p (4) 

∑ ∑ 𝑄𝑖𝑗𝑝
𝑚

𝑚𝑗  + ∑ ∑ 𝑄𝑖𝑘𝑝
𝑚

𝑚𝑘  ≤ Eip Ɐ i and p (5) 

∑ 𝑄𝑖𝑗𝑝
𝑚  + ∑ 𝑄𝑖𝑘𝑝

𝑚
𝑘𝑗

𝑈𝑝
𝑚  ≤ 𝑁𝑖

𝑚 Ɐ i, p and m (6) 

∑ 𝑄𝑗𝑘𝑝
𝑚

𝑘

𝑈𝑝
𝑚   ≤ 𝑁𝑗

𝑚 Ɐ j, p and m (7) 

𝑥𝑖 = {
1, ∑ ∑ ∑ 𝑋𝑖𝑗𝑝

𝑚

𝑚𝑝

+  ∑ ∑ ∑ 𝑊𝑖𝑘𝑝
𝑚

𝑚𝑝𝑘

 

𝑗

≥ 1

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 Ɐ i (8) 

𝑦𝑗 = {
1, ∑ ∑ ∑ 𝑋𝑖𝑗𝑝

𝑚

𝑚𝑝𝑖

+ ∑ ∑ ∑ 𝑌𝑗𝑘𝑝
𝑚

𝑚𝑝𝑘

 ≥ 1

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 Ɐ j (9) 

𝑌𝑖𝑗𝑝
𝑚 = {

1, 𝑄𝑖𝑗𝑝
𝑚 > 0

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 Ɐ i, j, p and m (10) 

𝑍𝑗𝑘𝑝
𝑚 = {

1, 𝑄𝑗𝑘𝑝
𝑚 > 0

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 Ɐ j, k, p and m (11) 

𝑊𝑖𝑘𝑝
𝑚  = {

1, 𝑄𝑖𝑘𝑝
𝑚 > 0

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 Ɐ i, k, p and m (12) 

𝑄𝑖𝑗𝑝
𝑚  , 𝑄𝑗𝑘𝑝

𝑚 , 𝑄𝑖𝑘𝑝
𝑚 ≥ 0 Ɐ i, j, k, p and m (13) 

 

2.3.6 Significance of Constraints 

 

Constraint 1 : Incoming materials equal to outgoing materials at each facility 

Constraint 2 : Demand of every product at each destination depot is satisfied 

Constraints 3, 4, 5 : Capacity of each receiving points or depots is not exceeded for 
various products 
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Constraints 6, 7 : No of transports doesn’t exceed the maximum no of transport 
available at each depot or receiving point 

Constraints 8, 9 : A facility is kept open if only if  materials are sent to that particular 
facility for the requirement of transportation or storage 

Constraints 10, 11, 12 : Describe whether any material is transported through the facilities 
or not 

Constraint 13 : Non negativity restriction of shipped product quantity 

 

 

 

 

 

 

 

 

 

 

The mathematical model presented in the previous chapter has been tested in this chapter. 

This chapter has been divided in to the following three sections: 

i. Selecting Suitable Organization for Case Study and Data Collection 

ii. Choosing Suitable Algorithm for Solving the Problem 

iii. Presentation of Results 

3.1 Selecting Suitable Organization for Case Study and Data Collection 
A real case has been studied for model testing and validation. All the required data necessary for 

the case study have been collected from Bangladesh Petroleum Corporation (BPC) with permission 
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of the Chairman of the organization. Some data were not available at BPC and in that case other 

sources of data have been used with proper citations. In very few cases some logical assumptions 

were made due to unavailability of necessary data. 

 

3.1.1 Organization Background 

Bangladesh Petroleum Corporation (BPC) is a statutory organization of the Government of 

Bangladesh under the Ministry of Energy & Mineral Resources Division engaged to supervise, co-

ordinate and control all the activities relating to import, store, marketing, distribution of petroleum 

products in the country. 

Bangladesh Petroleum Corporation (BPC) has been established by the Bangladesh Petroleum 

Corporation Ordinance, 1976 (Ordinance No. LXXXVIII (88) of 1976). BPC is governed by The 

Bangladesh Petroleum Act, 1974 (Act No. LXIX of 1974), Bangladesh Petroleum Corporation 

Ordinance, 1976 and The Bangladesh Petroleum Corporation Rules, 1976 (S.R.O. 169-L/77 dated 

1.6.77). It has started function on the 1st January, 1977. 

 

3.1.2 Bangladesh Petroleum Corporation (BPC) Activities 

Bangladesh Petroleum Corporation (BPC) is the sole authority for collecting and importing 

crude petroleum and other refined petroleum products in Bangladesh. Following table states 

different types of petroleum products those BPC imports. 

Table 3.1: Different types of petroleum products imported by BPC 

Sr. No Name of the product Product Category 

1 High Speed Diesel 0.05% 'S' (HSD) 

Refined Oil 

2 Motor Gasoline (MOGAS) 

3 JET A-1 

4 Superior Kerosene Oil (SKO) 

5 High Sulphur Furnace Oil 180 CST (HSFO) 

6 SN-150 
Lube Base Oil 

7 SN-500 



Page | 74  
 

8 SBS-150 

9 Arabian Light Crude (ALC) 
Crude Oil 

10 Murban Crude Oil 

 

BPC imports the aforementioned petroleum products from the following suppliers. 

Crude Oil 

1. Saudi Arabian Oil Company (Saudi Aramco), Kingdom of Saudi Arabia 

2. Abu Dhabi National Oil Company (ADNOC), Abu Dhabi, UAE 

 Refined Oil 

1. Kuwait Petroleum Corporation (KPC), Kuwait 

2. PETCO Trading Labunan Company Limited (PTLCL), Malaysia 

3. Emirates National Oil Company (Singapore) Pte. Ltd. (ENOC), Dubai, UAE 

4. Petrochina (Singapore) Pte. Ltd, China 

5. Petrolimex (Singapore) Pte. Ltd, Vietnam 

6. Philippine National Oil Corporation (PNOC-EC), Philippines 

7. Bumi Siak Pusako (BSP), Indonesia 

8. Unipec Singapore Pte Ltd., China 

9. PB Trading Senderian Berhad, Brunei 

10. Turkish Petroleum International Company, Turkey 

11. Oman Trading International Ltd, Oman 

 

 

 

3.1.3 Practicing Distribution Network 

All categories of petroleum products are received at Chittagong port and then stored at Guptakhal 

main depot. Then these products are transferred to four intermediate DC depots. Finally, the 

products are sent to different destination district depots. Multimodal transports like Truck, Rail, and 
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Barge are used for transporting the products. The following figure shows the practicing distribution 

network. 

 

Figure 3.1: Practicing distribution network for transportation of petroleum products all over the 

country (Data Source: Bangladesh Petroleum Corporation) 
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Figure 3.2: Location of oil depots and available transportation routes (Source: 
Bangladesh Petroleum Corporation) 
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3.1.4 Forecasting of Demand of Different Petroleum Products 

There are various forecasting techniques. Among them, exponential smoothing and trend adjusted 

exponential smoothing (also known as double smoothing) methods are applied to forecast future 

demands. Thus, the results are compared in terms of mean absolute percent error (MAPE). 

Table 3.2: Yearly demand of various petroleum products (Data Source: Bangladesh Petroleum 

Corporation) 

Years 
Products (in MT) 

JET A-1 MOGA SKO HSD HSFO 

2004-05 253,551         143,965         544,478         2,264,843            309,987  

2005-06 238,480         153,340         499,207         2,298,667            333,209  

2006-07 225,912         129,549         462,357         2,294,223            255,848  

2007-08 277,393         124,823         405,101         2,333,597            289,604  

2008-09 253,801         115,381         342,703         2,301,269            164,473  

2009-10 286,938         127,247         376,645         2,568,208            194,165  

2010-11 335,732         141,491         397,209         3,239,279            544,617  

2011-12 311,890         158,707         358,436         3,240,349            883,735  

2012-13 318,423         169,710         314,876         2,964,604         1,076,423  

2013-14 323,327         178,674         289,871         3,242,554         1,202,505  
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Figure 3.3: Yearly demand of different petroleum products (Data Source: Bangladesh Petroleum 

Corporation) 

 

 

Figure 3.4: Actual Vs forecasted demand for product Jet A-1 
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Figure 3.5: Actual Vs forecasted demand for product MOGA 

 

 

Figure 3.6: Actual Vs forecasted demand for product SKO 
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Figure 3.7: Actual Vs forecasted demand for product HSD 

 

 

Figure 3.8: Actual Vs forecasted demand for product HSFO 

 

Table 3.3: Comparison of errors of different forecasting methods 
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Product MAPE (Exp. smoothing) MAPE (Trend adjusted exp. smoothing) 

JET A-1 8.1% 4.5% 

MOGA 12.0% 8.7% 

SKO 15.1% 10.7% 

HSD 7.5% 8.7% 

HSFO 38.5% 36.9% 

 

From the above table it can be depicted that trend adjusted exponential smoothing technique yields 

less errors than the exponential smoothing technique. Therefore, trend adjusted exponential 

smoothing method is recommended for froecasting demand of petroleum products. 

3.1.5 Data Used in the Case Study 

For the case study out of thwenty one supply chain facilities importatnt seventeen facilities are 

considered for the product HSD out of ten products for limiting the number of variables and 

computing complexities. Same programming code can be used for the rest of the nine products 

changing the input data. The following tables show the data used in the case study. 

Table 3.4: List of supply chain facilities with index no used in the case study 

i Main receiving depot j Intermediate DC depot k Destination depot 

1 Guptakhal 1 Fatullah 1 Jhalakathi 

    2 Godenail 2 Barisal 

    3 Daulatpur 3 Chandpur 

    4 Baghabari 4 Sylhet 

        5 Srimangal 

        6 Bhairab 

        7 Rangpur 

        8 Chilmari 

        9 Parbatipur 

        10 Natore 

        11 Rajshahi 
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        12 EPOL Dhaka 

 

Table 3.5: Monthly demand of the product HSD at different destination district depots for the 

month of February, 2014 (Data source: BPC) 

Destination depot Demand (𝑫𝒌𝒑) (MT) 

Jhalakathi 14,200 

Barisal 17,000 

Chandpur 11,500 

Sylhet 10,000 

Srimangal 15,300 

Bhairab 8,000 

Rangpur 8,500 

Chilmari 10,300 

Parbatipur 11,800 

Natore 9,500 

Rajshahi 11,300 

EPOL Dhaka 22,000 

 

 

 

 

 

 

Table 3.6: Distance chart from main receiving depot to intermediate DC depots (Retrieved from: 

https://maps.google.com/) 

i j 
Distance (km) 

Truck (m=1) Rail (m=2) Barge (m=3) 
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1 1 526 700 350 

1 2 262 300 250 

1 3 258  295 255 

1 4 440  580 290 

 

Table 3.7: Distance chart from intermediate DC depots to destination district depots (Retrieved 

from: https://maps.google.com/) 

j k 

Distance (km) 

j k 

Distance (km) 

Truck 
(m=1) 

Rail 
(m=2) 

Barge 
(m=3) 

Truck 
(m=1) 

Rail 
(m=2) 

Barge 
(m=3) 

1 1 112 - 80 3 1 245 - 175 

1 2 119 - 90 3 2 222 - 165 

1 3 311 490 190 3 3 98 75 105 

1 4 490 555 - 3 4 238 150 - 

1 5 432 495 - 3 5 180 90 - 

1 6 333 450 340 3 6 82 45 40 

1 7 400 360 - 3 7 300 435 - 

1 8 478 380 460 3 8 377 455 395 

1 9 435 340 - 3 9 334 415 - 

1 10 315 320 - 3 10 214 345 - 

1 11 275 250 - 3 11 270 325 - 

1 12 261 510 - 3 12 32 24 - 

2 1 249 - 170 4 1 309 - 255 

2 2 226 - 160 4 2 274 - 250 

2 3 102 80 100 4 3 277 370 160 

2 4 243 155 - 4 4 377 425 - 

2 5 184 95 - 4 5 318 365 - 

2 6 86 50 35 4 6 220 310 24- 
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2 7 296 440 - 4 7 175 240 - 

2 8 374 460 390 4 8 253 260 170 

2 9 331 420 - 4 9 210 220 - 

2 10 212 350 - 4 10 91 155 - 

2 11 267 330 - 4 11 137 110 - 

2 12 27 20 - 4 12 167 370 - 

 

Table 3.8: Distance chart from main receiving depot to destination district depots (Retrieved from: 

https://maps.google.com/) 

i k 
Distance (km) 

Truck (m=1) Rail (m=2) Barge (m=3) 

1 1 520 - 320 

1 2 500 - 310 

1 3 227 210 200 

1 4 382 355 - 

1 5 323 295 - 

1 6 260 250 290 

1 7 547 620 - 

1 8 625 640 420 

1 9 582 650 - 

1 10 463 600 - 

1 11 518 660 - 

1 12 283 320 - 

 

Table 3.9: Emission rate (𝑒𝑝
𝑚) of different transportation modes (Data source: Haulk, 1998) 

Transport 
Modes 

Hydro-
carbons 

Carbon 
Monoxide 

Nitrous 
Oxide 

Total(lb/ton-
mile) 

g/ton-
km 

Barge 0.0009 0.002 0.0053 0.0082 2.31 
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Rail 0.0046 0.0064 0.0183 0.0293 8.25 

Truck 0.0063 0.019 0.1017 0.127 35.78 

 

Table 3.10: Average speed of different transportation modes (Data source: Sarder, 2013) 

Transport modes Average speed (𝑽𝒎) (km/hour) 

Truck 55 

Rail 40 

barge 7 

 

3.2 Choosing Suitable Algorithm for Solving the Problem 

Srinivas and Deb (1994) introduced NSGA (nondominated sorting genetic algorithm) to deal with 

multi-objective optimization problems. In this algorithm, nondomination is used as ranking 

criterion of solutions, and fitness sharing is used for diversification control in the search space. Due 

to high level sensitivity of NSGA performance to fitness sharing parameters, Deb et al. (2002) 

introduced NSGA-II (nondominated sorting genetic algorithm-II), which is faster and more reliable 

than its predecessor. In this case study NSGA-II algorithm has been used to solve the problem. 

The NSGA-II algorithm steps can be presented in the following flow chart: 



Page | 86  
 

 

 



Page | 87  
 

Figure 3.9: Computational flow of NSGA-II 

For programming purpose MATLAB R2009a has been used and the code has been run in a core-i3 

processor laptop with 4GB DDR-3 RAM. Followings are the parameters those were set for solver: 

 Initial population size: 50  

 Maximum number of generations: 700  

 Number of objective functions: 3  

 Number of variables: 298  

 Number of constraints: 52 

 

3.3 Presentation of Results 

In this section following two points are discussed: 

i. Convergence of the objective functions 

ii. Pareto optimal front of the objective functions 

3.3.1 Convergence of the Objective Functions 

After a certain no of iteration the values of the objective functions become constant. In the following 

tables (3.9 - 3.11) the range of the values of the objective functions are presented after being 

converged. 

 

Table 3.11: Range of the value of the transportation cost function 

Range Objective function, f1 

Maximum value  BDT 66,400,000  

Minimum value  BDT 64,800,000  
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Figure 3.10: Convergence of the 1st objective function 
Table 3.12: Range of the value of the delivery time function 

Range Objective function, f2 

Maximum value 78.4243 Hours  

Minimum value 77.2598 Hours  
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Figure 3.11: Convergence of the 2nd objective function 

Table 3.13: Range of the value of emissions function 

Range Objective function, f3 

Maximum value 143,000,000 grams 

Minimum value 140,000,000 grams 
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Figure 3.12: Convergence of the 3rd objective function 

 

3.3.2 Pareto Optimal Front of the Objective Functions 

Most of the real-world problems involve simultaneous optimization of several objective functions. 

These functions are non-commensurable and often competing and conflicting objectives. In multi-

objective optimization problems there is no single optimum solution, but there is a solution set 

which creates Pareto optimal solutions. Pareto optimal solutions are a set of trade-offs between 

different objectives and are non-dominated solutions, i.e., there is no other solution which would 

improve an objective without causing a worsening in at least one of the other objectives. The 

following figures (3.13 – 3.22) show the pareto optimal front of the three objective functions at 

different iterations.
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 Figure 3.13: Pareto optimal front of the 5th generation 

 

 

Figure 3.14: Pareto optimal front of the 100th generation 
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Figure 3.15: Pareto front of the 200th generation 

 
Figure 3.16: Pareto front of the 300th generation 
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Figure 3.17: Pareto front of the 400th generation 

 

Figure 3.18: Pareto front of the 500th generation 
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Figure 3.19: Pareto front of the 600th generation 

 

Figure 3.20: Pareto front of the 650th generation 

 

Figure 3.21: Pareto front of the 690th generation 

 
Figure 3.22: Pareto front of the 700th generation 
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4.1 Conclusion 

In this thesis, a new multi objective transportation model is developed in a three echelon supply 

chain. In the literature review section, it is shown that to become environmentally sustainable in 

spite of having a growing need of green supply chain there is a lack of development in a broad 

frame of references. This thesis has been aimed at this research gap and to become more 

environmentally sustainable along with cost and delivery time functions the third objective function 

is developed for minimization of negative environmental impact due to transportation of goods in 

an open loop supply chain network. 

According to pareto front there are several set of optimum solutions. So, the decision makers can 

choose the solution set that fits best according to their respective needs. They can also analyze the 

trade-offs among different solutions and use the pareto front as an effective tool for decision 

making. 

For the case study purpose, rather than using hypothetical data real practicing data are used and the 

results are analyzed. Though the model is developed focusing on transportation of petroleum 

products, it is also applicable for similar type of products transportation like fertilizers, agro-

products, bulk amount of industrial raw materials or finished goods those follow three echelon 

supply chain structure. Therefore, it is expected that the SC practitioners and decision makers will 

find the developed model and the solution procedures as a useful tool for evaluation of 

comprehensive transportation network to select the most sustainable SC solution. 

 

4.2 Future Work and Recommendations 

Chapter-4 
 

Conclusion and Recommendations 
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 In the model, it is assumed that all the transports are available whenever required. 

But practically this might not be the case. There is an uncertainty of vehicles 

availability. This uncertainty can be considered for future work. 

 The model is developed for the deterministic demand of different product 

categories. The model could have been more robust if stochastic demand situations 

can be incorporated. 

 Probabilistic inventory model can be considered for the calculation of inventory 

storage cost at different SC facilities. 

 For solving the problem a fast and elitist algorithm, NSGA-II is used. In many 

literatures, this algorithm has been stated as a good choice for solving this type of 

multi objective problems in constrained conditions. Measuring performance of the 

applied algorithm was not in the main focus area of this research. Other algorithms 

like Particle Swarm Optimization (PSO), Ant Colony Optimization, Bees 

Algorithm, Firefly Algorithm can also be applied. Then the results can be compared 

for judging the performance of the algorithms in terms of computing time and 

solutions. 

 For emission factor data, no literature has been found in Bangladesh perspective. 

So the emission factors of different transportation mode have been collected from 

US EPA, Emission Control Lab. More practical results can be obtained if emission 

factors data can be collected according to Bangladesh perspective. 
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A.1 Matlab code for Objective Function 

 

function [y, cons] = mamunur_optimization_function(x, varExtra) 

        %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

% start of the 1st objective function %    
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

  

   T    =2.50;     % per metric ton oil transportation cost for per kilometer using transport mode truck 
% 

   R    =0.80;     % per metric ton oil transportation cost for per kilometer using transport mode rail 
% 

   B    =0.25;     % per metric ton oil transportation cost for per kilometer using transport mode barge 
% 

    

   C        = [T R B]; 

    

   H1       = [0.0005 0.0005 0.0005];   % per metric ton oil handling cost at facility i for different 
modes like truck, rail, barge % 

    

    % 1st part of the 1st objective function % 

    % variables covered from x1 to x24 % 

    % Let's define 12 distance co-efficients of the variables for the 1st part of the 1st obj function % 

         

    D1 = [526 700 350 262 300 250 258 295 255 440 580 290]; 

     

    s1=0; 

    p=1;  

 

Appendix-A 
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    for i=1:4 

         

        for j=1:3             

            s1=s1+x(p)*x(p+12)*(D1(p)*C(j)+H1(j)); 

            p=p+1;   

        end 

         

    end 

     

            

    % 2nd part of the 1st objective function %  

    % Let's define 108 distance co-efficients of the variables for the 2ndd part of the 1st obj function 
% 

     

    D2 = [112 249 245 309   113 226 222 274 311 102 98  277 490 243 238 377 432 184 180 318 
333 86  82  220 400 296 300 175 478 374 377 253 435 331 334 210 315 212 214 91  275 267 270 
137 261 27  32  167 490 80  75  370 555 155 150 425 495 95  90  365 450 50  45  310 360 440 435 
240 380 460 455 260 340 420 415 220 320 350 345 155 250 330 325 110 510 20  24  370 80  170 
175 255 90  160 165 250 190 100 105 160 340 35  40  240 460 390 395 170]; 

     

     

    H2 = [0.1 0.1 0.1 0.1];     % material handling cost per metric ton of oil for transport mode truck 
at different cross dock point j % 

    H3 = [0.14 0.14 0.14 0.14]; % material handling cost per metric ton of oil for transport mode rail 
at different cross dock point j % 

    H4 = [0.15 0.15 0.15 0.15]; % material handling cost per metric ton of oil for transport mode 
barge at different cross dock point j % 

     

    

    % 2nd part of 1st obj function for transport mode truck % 

    % variables x25 to x72 and x113 to x180 will be covered % 
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    p=25; 

    q=1; 

    s2=0; 

     

    for i=1:12 

         

        for j=1:4 

            s2=s2+x(p)*x(p+108)*(D2(q)*C(1)+H2(j)); 

            p=p+1; 

            q=q+1;             

        end 

         

    end 

     

     

    %2nd part of 1st obj function for transport mode rail % 

    % variables x73 to x112 and x181 to x220 will be covered % 

    p=73; 

    q=49; 

    s3=0; 

     

    for i=1:10 

         

        for j=1:4 

            s3=s3+x(p)*x(p+108)*(D2(q)*C(2)+H3(j)); 

            p=p+1; 

            q=q+1;             

        end 
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    end 

    

  

    % 2nd part of 1st obj function for transport mode barge % 

    % variables x113 to x132 and x221 to x240 will be covered % 

    p=113; 

    q=89; 

    s4=0; 

     

    for i=1:5 

         

       for j=1:4 

           s4=s4+x(p)*x(p+108)*(D2(q)*C(3)+H4(j)); 

           p=p+1; 

           q=q+1;       

       end 

        

    end 

  

     

    % 3rd part of the 1st objective function % 

  

    % define a 1x27 matrix C1 of transportation costs for different transport modes according to the 
sequence of the variables % 

  

    C1 = [T B T B T R B T R T R T R B T R T R B T R T R T R T R]; 

  

    % Let's define 27 distance co-efficients for the 4th part of the 1st objective function % 
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    D3 = [520 320 500 310 227 210 200 382 355 323 295 260 250 290 547 620 625 640 420 582 
650 463 600 518 660 283 320]; 

  

    t   =0.1;   % per metric ton material handling cost for transport mode truck at facility i % 

    r   =0.1;   % per metric ton material handling cost for transport mode rail at facility i % 

    b   =0.1; % per metric ton material handling cost for transport mode barge at facility i % 

  

    % define a 1x27 matrix H5 of material handling costs for different transport modes according to 
the sequence of the variables % 

  

    H5 = [t b t b t r b t r t r t r b t r t r b t r t r t r t r]; 

  

  

    % variables x241 to x267 and x268 to x294 will be covered % 

    s5=0; 

    p=241; 

    q=1; 

  

    for i=1:27 

        s5=s5+x(p)*x(p+27)*(C1(q)*D3(q)+H5(q)); 

        p=p+1; 

        q=q+1;     

    end 

     

    % 3rd part of the 1st obj function % 

    % variables x295 to x298 will be covered % 

    F1  = 100000;    % Fixed operating cost of crossdock depot j=1 if kept open % 

    F2  = 200000;    % Fixed operating cost of crossdock depot j=2 if kept open % 
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    F3  = 200000;    % Fixed operating cost of crossdock depot j=3 if kept open % 

    F4  = 300000;    % Fixed operating cost of crossdock depot j=4 if kept open % 

     

    F   = [F1 F2 F3 F4]; 

     

    s6=0; 

    for i=1:4 

        s6=s6+F(i)*x(i+294); 

    end 

     

    % Now let's sum up the different parts of the 1st obj function % 

  

        y(1)    =   s1+s2+s3+s4+s5+s6; 

  

    % this is the end of the 1st objective function % 

      

    %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

                % start of the 2nd objective function %    
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

  

    V1 = 55;   % Average velocity of Truck % 

    V2 = 40;   % Average velocity of Rail % 

    V3 = 07;   % Average velocity of Barge % 

     

    V   = [V1 V2 V3];  % Average velocity of Truck, Rail and Barge % 

     

    h   = [1/3600 1/3600 1/3600];    % average handling time per ton at i, j & k respectively % 

  

    % 1st part of the 2nd obj function % 
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    % variables covered from x13 to x24 % 

     

    p=1; 

    time1=ones(1,12); 

     

    for i=1:4 

         

        for j=1:3 

            time1(1,p)=x(p+12)*D1(p)*1/V(j)+x(p)*x(p+12)*(h(1)+h(2)); 

            p=p+1; 

        end 

         

    end 

     

    % 2nd part of the 2nd obj function % 

     

    % for Truck % 

    % variables covered from x133 to x180 % 

     

    time_truck = ones(1,48); 

    p=1; 

     

    for i=1:48 

        time_truck(1,I) = D2(i)*x(p+132)*1/V(1)+ x(p+24)*x(p+132)*(h(2)+h(3)); 

        p=p+1; 

    end 

     

    % for Rail % 
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    % variables covered from x181 to x220 % 

     

    time_rail = ones(1,40); 

    p=1; 

    for i=1:40 

        time_rail(1,i) = D2(p+48)*x(p+180)*1/V(2)+ x(p+72)*x(p+180)*(h(2)+h(3)); 

        p=p+1; 

    end 

    

    % for Barge % 

    % variables covered from x221 to x240 % 

     

    time_barge = ones(1,20); 

    p=1; 

    for i=1:20; 

        time_barge(1,i) = D2(p+88)*x(p+220)*1/V(3)+ x(p+112)*x(p+220)*(h(2)+h(3)); 

        p=p+1; 

    end 

    time2 = [time_truck, time_rail, time_barge]; 

     

    % 3rd part of the 2nd obj function % 

    % variables covered from x268 to x294 % 

    % Let's define a 1x27 matrix V5 of average speeds for different transport modes according to the 
sequence of the variables % 

    

    V5 = [V1 V3 V1 V3 V1 V2 V3 V1 V2 V1 V2 V1 V2 V3 V1 V2 V1 V2 V3 V1 V2 V1 V2 V1 
V2 V1 V2]; 

     

    time3 = ones(1,27); 
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    p=1; 

     

    for i=1:27      

        time3(1,p)=D3(p)*x(p+267)*1/V5(p)+ x(p+240)*x(p+267)*(h(1)+h(3)); 

        p=p+1; 

    end 

     

    % Let's declare the 2nd objective function % 

     

    y(2) = max (max (time1) + max (time2),  max (time3)); 

     

    % This is the end of the 2nd obj function% 

      

      %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

                % start of the 3rd objective function % 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

   

  % 1st part of the 3rd obj function  

     

   E1    = 5.35;     % Emission factor of Truck % 

   E2    = 1.80;     % Emission factor of Rail % 

   E3    = 0.56;     % Emission factor of Barge % 

    

   E     = [E1 E2 E3]; 

    

    % variables covered from x1 to x24 % 

    % Let's define 12 distance co-efficients of the variables for the 1st part of the 1st obj function % 

         

    D1 = [526 700 350   262 300 250 258 295 255 440 580 290]; 
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    s7=0; 

    p=1; 

     

    for i=1:4 

         

        for j=1:3             

            s7 = s7+x(p)*x(p+12)*D1(p)*E(j); 

            p=p+1;   

        end 

         

    end 

   

    % 2nd part of the 3rd obj function % 

         

    % define a 1x27 matrix E4 of transportation emission rate for different transport modes according 
to the sequence of the variables % 

  

    E4 = [E1 E3 E1 E3 E1 E2 E3 E1 E2 E1 E2 E1 E2 E3 E1 E2 E1 E2 E3 E1 E2 E1 E2 E1 E2 E1 
E2]; 

  

    % Let's define 27 distance co-efficients for the 2nd part of the 3rd objective function % 

  

    D3 = [520 320 500 310 227 210 200 382 355 323 295 260 250 290 547 620 625 640 420 582 
650 463 600 518 660 283 320]; 

  

    

    % variables x241 to x267 and x268 to x294 will be covered % 

    s8=0; 

    p=241; 
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    q=1; 

  

    for i=1:27 

        s8 = s8+x(p)*x(p+27)*E4(q)*D3(q); 

        p=p+1; 

        q=q+1;     

    end 

     

     

    % 3rd part of the 3rd obj function % 

     

    % Let's define 108 distance co-efficients of the variables for the 3rd part of the 3rd obj function 
% 

     

    D2 = [112 249 245 309   113 226 222 274 311 102 98  277 490 243 238 377 432 184 180 318 
333 86  82  220 400 296 300 175 478 374 377 253 435 331 334 210 315 212 214 91  275 267 270 
137 261 27  32  167 490 80  75  370 555 155 150 425 495 95  90  365 450 50  45  310 360 440 435 
240 380 460 455 260 340 420 415 220 320 350 345 155 250 330 325 110 510 20  24  370 80  170 
175 255 90  160 165 250 190 100 105 160 340 35  40  240 460 390 395 170]; 

     

       

    % For transport mode Truck % 

    % Variables x25 to x72 and x113 to x180 will be covered % 

    p=25; 

    q=1; 

    s9=0; 

     

    for i=1:12 

         

        for j=1:4 
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            s9 = s9+x(p)*x(p+108)*D2(q)*E(1); 

            p=p+1; 

            q=q+1;             

        end 

         

    end 

     

     

    % For transport mode Rail % 

    % variables x73 to x112 and x181 to x220 will be covered % 

    p=73; 

    q=49; 

    s10=0; 

     

    for i=1:10 

         

        for j=1:4 

            s10 = s10+x(p)*x(p+108)*D2(q)*E(2); 

            p=p+1; 

            q=q+1;             

        end 

     

    end 

    

  

    % For transport mode Barge % 

    % variables x113 to x132 and x221 to x240 will be covered % 

    p=113; 
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    q=89; 

    s11=0; 

     

    for i=1:5 

         

       for j=1:4 

           s11 = s11+x(p)*x(p+108)*D2(q)*E(3); 

           p=p+1; 

           q=q+1;       

       end 

        

    end 

    

     

    % Let's sum up the different parts of the 3rd obj function % 

     

    y(3)    = s7+s8+s9+s10+s11; 

     

    % This is the end of the 3rd obj function & 

         

   

    inequalitiesViolation = []; 

    equalitiesViolation = []; 

    if(~isempty(varExtra.A)) 

        numberOfInequalities = length(varExtra.A(:,1)); 

        inequalitiesViolation = zeros(1,numberOfInequalities); 

        for i=1:numberOfInequalities 

            a = varExtra.A(i,:); 
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            b = varExtra.b(i); 

            c = a * transpose(x) - b; 

            if(c>0) 

                inequalitiesViolation(i) = c; 

            end 

        end 

    end 

  

    if(~isempty(varExtra.Aeq)) 

        numberOfEqualities = length(varExtra.Aeq(:,1)); 

        equalitiesViolation = zeros(1,numberOfEqualities); 

        for i=1:numberOfEqualities 

            a = varExtra.Aeq(i,:); 

            b = varExtra.beq(i); 

            c = a * transpose(x) - b; 

            equalitiesViolation(i) = abs(c); 

             

        end 

    end 

     

    cons = [inequalitiesViolation, equalitiesViolation]; 

 

 

A.2 Matlab Code for Solver 

 

clear all; 

clc; 

load('mamunur_optimization_data.mat'); 
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% create default options structure  

options = nsgaopt();    

 

% population size  

options.popsize = 50; 

    

% max generation  

options.maxGen  = 500;     

                                                         

% number of objectives  

options.numObj = 3;     

 

% number of design variables  

options.numVar = 298;     

 

%type of variable: integer=2 contiouoous=1 

r1=ones(1,12); 

r2=ones(1,12)+1; 

r3=ones(1,108); 

r4=ones(1,108)+1; 

r5=ones(1,27); 

r6=ones(1,31)+1; 

options.vartype = [r1 r2 r3 r4 r5 r6];   

 

% number of constraints  

options.numCons = 52;    
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% lower bound of x  

options.lb = LB ;    

 

% upper bound of x  

options.ub = UB;   

 

% objective function handle  

options.objfun = @mamunur_optimization_function;  

   

% interval between two calls of "plotnsga".   

options.plotInterval = 1;                 

   

%Pass the extra parameter for linear inequality. 

extraParam = makeLinearInequality(options.numVar,options.numCons); 

  

extraParam.A = A; 

extraParam.b = b; 

extraParam.Aeq = Aeq; 

extraParam.beq = beq; 

  

% begin the optimization!  

result = nsga2(options,extraParam); 

 

 

 

 

Appendix-B 
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Table B.1: Demand forecasting of product JET A-1 using exponential smoothing method 

α = 0.5 

Years Actual demand Forecast |error| Percent error 

2004-05 253,551       

2005-06 238,480 253,551     

2006-07 225,912 246,016 20104 8.90% 

2007-08 277,393 235,964 41429 14.90% 

2008-09 253,801 256,678 2877 1.10% 

2009-10 286,938 255,240 31698 11.00% 

2010-11 335,732 271,089 64643 19.30% 

2011-12 311,890 303,410 8480 2.70% 

2012-13 318,423 307,650 10773 3.40% 

2013-14 323,327 313,037 10290 3.20% 

   MAPE 8.10% 

 

Table B.2: Demand forecasting of product JET A-1 using trend adjusted exponential smoothing 
method 

α = 0.2, β = 0.2, Initial trend = 7,947 

Years Actual demand Forecast St Tt |error| Percent error 

2004-05 253,551           

2005-06 238,480           

2006-07 225,912           

2007-08 277,393           

2008-09 253,801 285,340 279,032 7,947 31,539 12.4% 

2009-10 286,938 286,980 286,971 6,686 42 0.0% 

2010-11 335,732 293,657 302,072 6,684 42,075 12.5% 

2011-12 311,890 308,756 309,383 8,367 3,134 1.0% 
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2012-13 318,423 317,750 317,885 8,492 673 0.2% 

2013-14 323,327 326,377 325,767 8,519 3,050 0.9% 

     MAPE 4.5% 

 

*All amounts are in MT 

 

 

Table B.3: Demand forecasting of product MOGAS using exponential smoothing method 

α = 0.5 

Years Actual demand Forecast |error| Percent error 
2004-05            143,965        
2005-06            153,340       143,965      
2006-07            129,549       148,653         19,104  14.7% 
2007-08            124,823       139,101         14,278  11.4% 
2008-09            115,381       131,962         16,581  14.4% 
2009-10            127,247       123,671           3,576  2.8% 
2010-11            141,491       125,459         16,032  11.3% 
2011-12            158,707       133,475         25,232  15.9% 
2012-13            169,710       146,091         23,619  13.9% 
2013-14            178,674       157,901         20,773  11.6% 

   MAPE 12.0% 

 

 

Table B.4: Demand forecasting of product MOGAS using trend adjusted exponential smoothing 
method 

α = 0.9, β = 0.3, Initial trend = 6,381 

Years Actual demand Forecast St Tt |error| Percent 
error 

2004-05 143,965           
2005-06 153,340           
2006-07 129,549           
2007-08 124,823           
2008-09 115,381 118,442 115,687 (6,381)     3,061  2.7% 
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2009-10 127,247 109,306 125,453 (7,207)   17,941  14.1% 
2010-11 141,491 118,246 139,166 (2,363)   23,245  16.4% 
2011-12 158,707 136,803 156,517 3,913   21,904  13.8% 
2012-13 169,710 160,430 168,782 9,827     9,280  5.5% 
2013-14 178,674 178,609 178,667 12,333          65  0.0% 

     MAPE 4.5% 
 

*All amounts are in MT 

 

 

 

 

 

Table B.5: Demand forecasting of product SKO using exponential smoothing method 

α = 0.5 

Years Actual demand Forecast |error| Percent error 
2004-05 544,478       
2005-06 499,207 544,478     
2006-07 462,357 521,843           59,486  12.87% 
2007-08 405,101 492,100           86,999  21.48% 
2008-09 342,703 448,600         105,897  30.90% 
2009-10 376,645 395,652           19,007  5.05% 
2010-11 397,209 386,148           11,061  2.78% 
2011-12 358,436 391,679           33,243  9.27% 
2012-13 314,876 375,057           60,181  19.11% 
2013-14 289,871 344,967           55,096  19.01% 

   MAPE 15.06% 

 
 

Table B.6: Demand forecasting of product SKO using trend adjusted exponential smoothing 
method 

α = 0.9, β = 0.3, Initial trend = (46,459) 

Years Actual demand Forecast St Tt |error| Percent error 
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2004-05 544,478         

2005-06 499,207         

2006-07 462,357         

2007-08 405,101         

2008-09 342,703 358,642 344,297  (46,459)   15,939  4.7% 

2009-10 376,645 297,838 368,764  (50,763)   78,807  20.9% 

2010-11 397,209 318,002 389,288  (29,485)   79,207  19.9% 

2011-12 358,436 359,804 358,573    (8,099)     1,368  0.4% 

2012-13 314,876 350,474 318,436    (8,468)   35,598  11.3% 

2013-14 289,871 309,968 291,881  (18,079)   20,097  6.9% 

       MAPE 10.7% 

 
*All amounts are in MT 
 
 
 
 
 
 

Table B.7: Demand forecasting of product HSD using exponential smoothing method 

α = 0.5 

Years Actual demand Forecast |error| Percent error 

2004-05 2,264,843       

2005-06 2,298,667 2,264,843     

2006-07 2,294,223 2,281,755           12,468  0.54% 

2007-08 2,333,597 2,287,989           45,608  1.95% 

2008-09 2,301,269 2,310,793             9,524  0.41% 

2009-10 2,568,208 2,306,031         262,177  10.21% 

2010-11 3,239,279 2,437,120         802,160  24.76% 

2011-12 3,240,349 2,838,199         402,150  12.41% 
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2012-13 2,964,604 3,039,274           74,670  2.52% 

2013-14 3,242,554 3,001,939         240,615  7.42% 

   MAPE 7.53% 

 
 

Table B.8: Demand forecasting of product HSD using trend adjusted exponential smoothing 
method 

α = 0.9, β = 0.3, Initial trend = 22,918 

Years Actual demand Forecast St Tt |error| 
Percent 

error 

2004-05           2,264,843            

2005-06           2,298,667            

2006-07           2,294,223            

2007-08           2,333,597            

2008-09           2,301,269    2,356,515    2,306,794      22,918      55,246  2.4% 

2009-10           2,568,208    2,329,712    2,544,358        8,002    238,496  9.3% 

2010-11           3,239,279    2,552,360    3,170,587      72,396    686,919  21.2% 

2011-12           3,240,349    3,242,983    3,240,612    257,864        2,634  0.1% 

2012-13           2,964,604    3,498,476    3,017,991    257,153    533,872  18.0% 

2013-14           3,242,554    3,275,144    3,245,813    113,007      32,590  1.0% 

          MAPE 8.7% 

 

*All amounts are in MT 
 
 
 
 
 
 

Table B.9: Demand forecasting of product HSFO using exponential smoothing method 

α = 0.5 
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Years Actual demand Forecast |error| Percent error 
2004-05 309,987       
2005-06 333,209 309,987     
2006-07 255,848 321,598           65,750  25.70% 
2007-08 289,604 288,723                881  0.30% 
2008-09 164,473 289,164         124,691  75.81% 
2009-10 194,165 226,818           32,653  16.82% 
2010-11 544,617 210,492         334,125  61.35% 
2011-12 883,735 377,554         506,181  57.28% 
2012-13 1,076,423 630,645         445,778  41.41% 
2013-14 1,202,505 853,534         348,971  29.02% 

   MAPE 38.46% 

 
 

Table B.10: Demand forecasting of product HSFO using trend adjusted exponential smoothing 
method 

α = 0.9, β = 0.3, Initial trend = (6,794) 

Years Actual 

demand 

Forecast St Tt |error| Percent 
error 

2004-05 309,987      
2005-06 333,209      
2006-07 255,848      
2007-08 289,604      
2008-09 164,473 282,810 176,307 (6,794) 118,337 71.9% 
2009-10 194,165 169,512 191,700 (38,745) 24,653 12.7% 
2010-11 544,617 152,955 505,451 (32,089) 391,663 71.9% 
2011-12 883,735 473,362 842,698 73,660 410,373 46.4% 
2012-13 1,076,423 916,358 1,060,416 184,461 160,065 14.9% 
2013-14 1,202,505 1,244,877 1,206,742 227,678 42,372 3.5% 

     MAPE 36.9% 

 
*All amounts are in MT 
 

 


