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ABSTRACT: 

 

The problems of transportation in logistics are experiencing more and more growing interest 

because of the high costs associated with them. In addition, with the increase of competition, 

customers became more demanding and want their demand to be fully satisfied and for the 

delivery to be in time slots that suit them. Also, other constraints arise when dealing with a 

transportation problem, such as the number of available vehicles and their limited capacity that 

must also be taken into consideration. Therefore, companies are constantly looking for ways to 

optimize delivery routes such that vehicles would be capable of handling a large number of 

constraints and meeting customers’ demand in an efficient manner. This problem is known as 

Vehicle Routing Problem (VRP). This report will be devoted to defining the VRP and its 

multiple variants. We will also be solving a capacitated vehicle routing problem with a 

deterministic demand with the solver OptaPlanner. We will study a real case of delivery service 

of dairy products by taking the city of Casablanca as an example for the implementation, which 

can be expanded to a larger scale accordingly. Thus, the main objective of this capstone project 

is planning vehicle routes that fully satisfy customers’ demand while minimizing the number 

of vehicles to be used and the total distance traveled while respecting a certain number of 

constraints. 
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1 INTRODUCTION:  

 

The transportation plays a crucial role in supply chains. In fact, it is what holds the supply chain 

together by connecting the multiple steps of the process with one another. For that reason, the 

cost related to transportation represents a significant part of the expenses of businesses. Hence, 

it is important for companies to control the cost of logistics which is becoming a determining 

parameter of the competitiveness. An efficient transportation benefits company at the level of 

the reduction of the cost and ensuring customers’ satisfaction. These advantages have pushed 

many companies to look for ways to optimize their transport systems. This is best known under 

the name of Vehicle Routing Problem VRP which has been, for over 50 years, the subject of 

numerous academic research. It is also a topic that has interested software developers who have 

put on the market increasingly powerful tools to solve the VRP. Thanks to technological 

advances, the resulting solutions are increasingly relevant and encouraging. In this report, we 

will first be exploring transportation problems, Traveling Salesman Problem and Vehicle 

Routing Problem, from a theoretical perspective. Then, we will solve a Capacitated Vehicle 

Routing Problem using OptaPlanner tool that will enable us to determine the optimal set of 

delivery routes that minimize the total distance traveled. The first application will be about the 

vans trips during the break that transport students to different destinations. This application will 

allow us to prepare for the real-life application, that represents the main objective of this paper, 

which is about the optimization of delivery service of dairy products for which we wish to solve 

a Capacitated Vehicle Routing Problem in a way that minimizes the total traveled distance, 

reduces the number of trucks used, and meets the demand of customers spread over different 

geographical areas while respecting the trucks’ capacity constraints. 
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2 THE TRAVELING SALESMAN PROBLEM:  

Clearly grasping vehicle routing problems requires the understanding of the traveling 

salesman problem (TSP) since the VRP is just a generalization of the TSP [1]. The objective 

of a traveling salesman problem is to minimize the total distance traveled by given the optimal 

order in which locations must be visited. Moreover, in a TSP, we have the following set of 

constraints [1]:  

• All locations must be visited exactly once 

• The salesman must start and return to the same location 

2.1 TSP as a graph problem: 

The Travelling Salesman Problem can be looked at as a graph problem, where it can be 

represented as an undirected weighted graph. For that particular representation, two types of 

TSP are present. The first type is called symmetric TSP, where the distance between two 

different locations remains unchanged for both directions. Thus, resulting in an undirected 

graph. The second type of TSP is referred to as asymmetric. For an asymmetric TSP, on the 

other hand, two possibilities may arise: either the distance is different for the opposite direction 

or there is a presence of one-way paths. Therefore, an asymmetric TSP can be represented in 

the form of a directed graph [1]. The figure below shows the difference between directed and 

undirected graphs. 

 

Figure 1: undirected vs directed graphs 

For the graphs above, the vertices represent the different locations to be visited, the edges 

illustrate the paths, and the edges’ weights are the path’s distances. 
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2.2 TSP mathematical model formulation:  

Each edge (i,j) of the graph linking two different locations has a distance which we denote dij. 

The objective of this problem is to find the circuit needed to be followed in order to achieve a 

minimum traveled distance while visiting all vertices of the graph. One possible formulation 

(The Dantzig–Fulkerson–Johnson) of this problem as a linear programming mathematical 

model that has the following elements [2]: 

- Decision Variables:  

The process of formulating a mathematical model that solves a given optimization problem 

starts with identifying the decision variables, also called design variables. Decision variables 

are the unknowns for which we seek to determine the optimal value. This model has one 

decision variable denoted xij. This latter is a binary variable that takes the value of 1 if the arc 

(i, j) is used in the optimal path and 0 otherwise.  

  

𝑥𝑖𝑗 = {
= 1; 𝑖𝑓 𝑟𝑜𝑢𝑡𝑒 𝑔𝑜𝑖𝑛𝑔 𝑓𝑟𝑜𝑚 𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛 𝑖 𝑡𝑜 𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛 𝑗 𝑖𝑠 𝑢𝑠𝑒𝑑

= 0; 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 

- Objective Function:  

The objective function of a mathematical model is the function that we want to either maximize 

or minimize its value. For a Traveling Salesman Problem, the objective is to minimize the total 

distance traveled by the salesman. Therefore, given our decision variable xij that represents the 

set of arcs or routes used and dij the matrix containing the different distances between each two 

distinct locations, we can formulate our objective function such as:  

𝑀𝑖𝑛 ∑ ∑
      

𝑥𝑖𝑗 ∗ 𝑑𝑖𝑗
𝑗=1𝑖=1

  (1)  

- Constraints:  

The next step in mathematical model formulation is the identification of the constraints that the 

TSP must satisfy. The term constraint refers to the functional relationship that exist between 

the model’s parameters and its decision variables. The objective function above is subject to a 

group of constraints which are:  

∑ 𝑥𝑖𝑗 = 1

𝑖 𝑖𝑛 𝑉

        (2) 
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∑ 𝑥𝑖𝑗 = 1

𝑗 𝑖𝑛 𝑉

         (3) 

∀𝑆 ⊂  𝑉;  ∑  

𝑖 ∈𝑆

∑ 𝑥𝑖𝑗 

𝑗 ∈𝑆

≤  |𝑆| −  1          (4) 

Equations (2) and (3) represent the constraints that are responsible of ensuring that the salesman 

only enters and leaves once per vertex. Whereas equation (4) is a subtour elimination constraint; 

a subtour happens when the starting and ending point are the same but not all vertices are 

visited, therefore instead of having one complete tour that visits all locations we have multiple 

subtours. The figure below provides a visualization of the difference between a one complete 

tour that passes through all vertices and multiple subtours that visit all vertices by the creation 

of multiple routes.  

 

Figure 2: One complete tour vs multiple subtours 

2.3 Solving TSP Manually:  

In this part of the report, we will solve the traveling salesman problem manually using two 

common approaches which are dynamic programming and branch & bound algorithm. For each 

one of these approaches we will give a definition and then we will apply it to solve two 

examples of TSP.  

2.3.1 Dynamic Programming  

- Definition: 

Dynamic programming, developed by the mathematician Richard Bellam, is among the 

approaches used when it comes to solving complex optimization problems. The approach 

consists of dividing the problem at hand to a set of subproblems. Each one of these subproblems 
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is solved one at a time, the optimal solutions of these subproblems are obtained recursively, 

which results in an optimal substructure at the end [3]:  

- Example:  

Now, we will apply dynamic programming to solve a simple example of TSP. We will consider 

that our salesman will start his tour from vertex 1 and must visit three other locations, for which 

the distance matrix is as follows:  

Table 1: TSP Dynamic Programming – Distance Matrix 

Vertices 1 2 3 4 

1 - 16 11 6 

2 8 - 13 16 

3 4 7 - 9 

4 5 12 2 - 

 

The formula that will allow us to determine the optimal order to visit the different location to 

minimize the total distance traveled is:  

𝑔(𝑖, 𝑠) = 𝑚𝑖𝑛𝑗 ∈ 𝑠{ 𝑑(𝑖, 𝑗) + 𝑔(𝑗, (𝑠 − {𝑗})} 

Where s is the set of remaining vertices to be visited and d(i,j) is the distance from vertex i to 

vertex j. 

Solving the traveling salesman problem using dynamic programming requires drawing the 

recursive tree that illustrates the set of all possible solutions to the problem. For our case it is 

as follows:  
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Figure 3: TSP Possible Solutions Tree 

The procedure is bottom-top. We start by the bottom of the tree and selecting the node that 

corresponds to the minimum distance and move our way up to the starting node after exploring 

each level of the tree individually and computing the distance on each branch. After reaching 

the top of the tree, we would have selected the optimal order for the salesman to visit the 

different locations.  

- Level 3:  

g(2, φ) = g(2,1) = 8 

g(3, φ) = g(3,1) = 4 

g(4, φ) = g(4,1) = 5 

- Level 2:  

g(2, {3}) = d(2, 3) + g(3, φ) = 13 + 4 = 17 

g(2,{4}) = d(2,4) + g(4, φ) = 16 + 5 = 21 

g(3, {2}) = d(3,2) + g(2, φ) = 7 + 8 = 15 

g(3, {4}) = d(3,4) + g(4, φ) = 9 + 5 = 14 

g(4, {2}) = d(4,2) + g(2, φ) = 12 + 8 = 20 

g(4, {3}) = d(4,3) + g(4, φ) = 2 + 5 = 7 

 

- Level 1:  

g(2, {3,4}) = min (d(2,3) + g(3, {4}), d(2,4) + g(4, {3})) = min ((13+14),(16+7))  
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 = min (27,23) = 23 

 

g(3, {2,4}) = min (d(3,2) + g(2, {4}), d(3,4) + g(4, {3})) = min ((7+21),(9+7))  

 = min (28,16) = 16 

 

g(4, {2,3}) = min (d(4,2) + g(2, {3}), d(4,3) + g(3, {2})) = min ((12+17),(2+15))  

 = min (29,17) = 17  

        

- Level 0:  

        g(1, {2,3,4}) = min(d(1,2) + g(2,{3,4}), d(1,3) + g(3, {2,4}), d(1,4) + g(4, {2,3})) 

        = min ((16+23), (11+16), (6+17))  

                                        = min (39, 27, 23) = 23 

Therefore, the optimal path that corresponds to the minimum distance of 23 is:  

1 → 4 → 3 → 2 → 1 

 

2.3.2 Branch & Bound Algorithm 

- Definition:  

Branch and bound algorithm was developed by the Ailsa Land, an operational research 

professor, and Alison Doing, a mathematician and statistician. It is an algorithm used in solving 

combinatorial, mathematical, and discrete optimization problems. It consists of conducting a 

space search that enumerates all candidate solutions. These latter are organized in the form of 

a tree with a root. The different branches of the tree are explored by the algorithm. The 

enumeration of candidate solutions within a branch of the tree happens after the process of 

checking the branch against the estimated optimal solution through its upper and lower bounds. 

The branch is discarded if it fails to generate a solution that is better that the one found by the 

algorithm so far [4].  

- Example:  

In order to understand the algorithm better, let’s do a simple application and try solving a 

traveling salesman problem using the branch and bound algorithm. For this application, let’s 

consider that the salesman needs to visit a total of four vertices/locations starting from vertex 

1. Since the objective is to find the optimal path to visit all the vertices while minimizing the 

total distance, we must have as data a distance matrix having the distance between two distinct 

vertices:  
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Table 2: TSP Branch & Bound – Distance Matrix 

Vertices A B C D 

A INF 4 12 7 

B 5 INF INF 18 

C 11 INF INF 6 

D 10 2 3 INF 

 

The same tree in figure 3 illustrates the set of all possible solutions to this traveling salesman 

problem. The tree above represents the different combinations that would enable us to visit all 

the existing vertices. However, when solving a traveling salesman problem, the goal is not 

identifying the different possible paths, but instead we must determine the optimal path for 

which the total distance traveled is minimal. This can be accomplished by applying the branch 

and bound algorithm through the following series of steps:  

- Step 1: Level 0 

The first step is to perform a row reduction on the original matrix. Meaning, we need to make 

sure that each row has at least one entry with a value of “0”. To do so, we must determine the 

minimum of each row that represent reduction elements. For our case, the minimum values are:  

[4 5 6 2] 

In order to perform row reduction, we subtract from each row its minimum value. This 

procedure results in the following row-reduced matrix:  

Table 3: TSP Branch & Bound – Level 0 (Row Reduced) 

Vertices A B C D 

A INF 0 8 3 

B 0 INF INF 13 

C 5 INF INF 0 

D 8 0 1 INF 
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Now that all of our rows are reduced, we can move to the next step which is column reduction. 

The concept is similar to that of row reduction, except this time we apply it to columns instead 

of rows. The minimum values on our column 

[0 0 1 0] 

The resulting column-reduced matrix is:  

       Table 4: TSP Branch & Bound – Level 0 (Column Reduced) 

Vertices A B C D 

A INF 0 7 3 

B 0 INF INF 13 

C 5 INF INF 0 

D 8 0 0 INF 

 

After obtaining a completely reduced matrix, we can calculate the distance of node 1, which 

represents the root of our tree, using the formula:  

𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 (1) = ∑ 𝑟𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝑒𝑙𝑒𝑚𝑒𝑛𝑡𝑠 

Therefore,  

𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 (1) = 4 + 5 + 6 + 2 + 1 = 18 

 

- Step 2: Level 1 

The next step is to consider the rest of the vertices one at time in order to determine which one 

to visit to ensure a minimization of the distance.  

o Exploring path (A → B):  

Using the completely reduced matrix (3), we must set all elements at row 1 and column 2, as 

well as the element at index (2,1) to infinity. Next, we perform row and column reduction the 

same way we did in the previous step. The resulting matrix is: 
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        Table 5: TSP Branch & Bound – Level 1 

Vertices 

i/j 

A B C D 

A INF INF INF INF 

B INF INF INF 0 

C 0 INF INF 0 

D 3 INF 0 INF 

 

The distance for this node is computed using this formula:  

𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 (𝐶ℎ𝑖𝑙𝑑) = 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 (𝑃𝑎𝑟𝑒𝑛𝑡) + ∑ 𝑟𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝑒𝑙𝑒𝑚𝑒𝑛𝑡𝑠 + 𝐷(𝑖(𝑝𝑎𝑟𝑒𝑛𝑡), 𝑗(𝑐ℎ𝑖𝑙𝑑))

= 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 (1) + ∑ 𝑟𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝑒𝑙𝑒𝑚𝑒𝑛𝑡𝑠 + 𝐷(1,2) 

Where distance (parent) is the distance at the parent node, for this case distance at node 1, the 

reduction elements are the elements used to perform row and column reduction for this 

particular node, and D(1,2) is the distance between vertex A and vertex B obtained from the 

reduced matrix of the parent node (matrix x). 

The calculations yield the following:  

𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 (2) = 18 + 18 + 0 = 36 

 

After repeating the same procedure we used to explore path (A → B) to explore the rest of the 

paths. The table below groups the resulting distances for all the nodes: 

       Table 6: TSP Branch & Bound – Level 1 (resulted paths) 

 

 

 

 

 

 

Node Path Distance 

2  A → B 36 

3 A → C 25 

4 A → D 26 
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Therefore, from the table we can conclude that the chosen path is A → C since it is the one with 

the smallest distance.  

- Step 3: Level 2 

In order to determine level 2 of our tree, we need to explore the rest of the vertices. As we could 

retrieve from the previous step the path A → C as optimal, we are left with vertices B and D. 

We consider now node C to be the new parent node, then each one of remaining nodes is 

explored individually. The resulting distances are:  

             Table 7: TSP Branch & Bound – Level 2 (resulted paths) 

 

 

 

 

 

  

As indicated on the table, path A → C → D has a total distance of 25, which is the smallest 

value among the two possibilities. Therefore, this path is selected.  

- Step 4: Level 3 

Vertices A, C, and D were visited, only vertex B is remaining. Repeating the same methodology 

used in the previous steps, we obtain the value of the distance at node 7 which is equal to 25.  

              Table 8: TSP Branch & Bound – Level 3 (resulted path) 

 

 

 

 

 

Now, all vertices are visited. However, we still need to abide by one of the main constraints of 

a Traveling Salesman Problem which implies that the salesman must return to its starting point 

after visiting all the locations. Therefore, our complete optimal path is A → C → D → B → A 

2.4 Solving TSP using OptaPlanner:  

As mentioned previously, among the optimization problems that OptaPlanner solves is the 

Travelling Salesman Problem. The solver, which will be discussed more in depth in a further 

Node Path Distance 

5 A → C → B INF 

6 A → C → D 25 

Node Path Distance 

7 A → C → D → B 25 
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section of the report, allows us to input the different locations to be visited through entering 

their coordinates in terms of latitude and longitude (table 9) that we can retrieve from Google 

Maps. These coordinates allow OptaPlanner to determine the exact location of each node hence 

resulting in accurate results. We do also specify to the software the starting node in order to 

make sure that it is the same as our ending point.  

Table 9: Locations’ Coordinates 

Location ID Latitude Longitude 

1 11003.6111 42102.5 

2 11108.6111 42373.8889 

3 11133.3333 42885.8333 

4 11155.8333 42712.5 

5 11183.3333 42933.3333 

6 11297.5 42853.3333 

7 11310.2778 42929.4444 

8 11416.6667 42983.3333 

 

After gathering the data, we have to create an XML file with the necessary input for our solver 

to be able to provide us with the optimal solution. First of all, we input all our locations and 

their respective coordinates: 
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Figure 4: TSP OptaPlanner – Locations List 

Next, we specify the starting location or “domicile”:  

 

 

Figure 5: TSP OptaPlanner – Domicile Identification 

 

Now we list the different locations to be visited and reference their latitudes and longitudes 

that we entered earlier:  
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Figure 6: TSP OptaPlanner – Visit List 

After providing all the necessary input for OptaPlanner to perform this optimization, we call 

the solver with the following command: 

 

Figure 7: TSP OptaPlanner – Solution Command 

And we can now retrieve the output as a graph (figure 8) and in form of a list (figure 9).  
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Figure 8: TSP OptaPlanner Output as Graph                       Figure 9: TSP OptaPlanner Output as List 

 

The figures above represent the attempt of OptaPlanner to solve this TSP problem with eight 

different locations and location 1 as our ending and starting point. The suggested path is as 

follows: 

The salesman needs to visit these locations in the following order:  

Location 1 → Location 2 → Location 6 → Location 8 → Location 7 → Location 5 → Location 

3 → Location 4 → Location 1  

Therefore, the software was able to abide by the all the necessary constraints; all the locations 

were visited, the starting and ending locations are the same, and no subtour is present in the 

final result. All of this contributed to a minimized total distance, hence achieving the objective 

of the TSP.  
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3 THE VEHICLE ROUTING PROBLEM:  

 

3.1 VRP definition: 

The vehicle routing problem, denoted VRP, is a problem belonging to the class of optimization 

problems. It answers questions related to the optimal routes to be traversed by a set of vehicles 

in order to deliver goods to a group of customers and fully satisfy their demand. It is a 

generalization of the Traveling Salesman Problem discussed previously [5]. Solving a Vehicle 

Routing Problem is said to be NP-Hard, which refers to the fact that the size of the problem to 

be solved can be limited when using mathematical programming approaches [6]. The VRP 

mainly concerns companies that offer delivery services. As the solution to this problem helps 

determining how goods can be transported optimally in a road network and delivered to a set 

of customers from one of multiple depots that have a group of vehicles.  The solution is a set of 

routes that each vehicle must follow starting by its own depot and returning to it after fulfilling 

all the demand assigned to it. Another constraint that the solution must fulfill is the 

minimization of the total transportation cost. This latter can be expressed in terms of money or 

in terms of distance.  

Similar to the TSP, VRP network can also be represented using graphs [6]. The set of arcs 

represents the different roads that connect the vertices which are the depot and the other 

customers’ locations to be visited. The arcs may be directed or undirected, it depends on the 

nature of the road connecting the vertices and whether it is a one-way or a two-ways road. Each 

one of these arcs has a cost associated to it; this cost may represent the traveling time or the 

length of the arc. In fact, the main difference between a TSP and a VRP lies in the fact that a 

solving a TSP yields a single optimal route. Solving a VRP, on the other hand, results in 

numerous optimal routes that multiple vehicles can follow in order to ensure the satisfaction of 

all customers’ demand as well as to minimize the total distance. The figure below gives a clear 

illustration of these two fundamental logistics’ problems: 
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Figure 10: TSP vs VRP 

Although the main objective of vehicle routing problem is the minimization of the total 

distance traveled, other objectives are present. Among which we can find [7]: 

• Minimizing the total of vehicles needed to visit all customers. 

• Minimizing of penalties in case the demand was not fully satisfied. 

• Ensuring a minimum variation in vehicle load and travel time.  

• Maximizing the total profit earned. 

 

 

Figure 11: VRP Visualization  

3.2 VRP Variants: 

Vehicle routing problem has multiple variants that differ from one another in the constraints 

they must fulfill. From these variants we can list the following [7]: 
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- Capacitated Vehicle Routing Problem (CVRP):  it consists of determining the set of 

optimal vehicle routes that corresponds to the minimum cost, such that:  

 

- Each customer is visited exactly once by exactly one vehicle. 

- Each vehicle’s route starts and ends at the depot. 

- The sum of customer demand within a route does not exceed the 

vehicle’s capacity. 

 

- Vehicle Routing Problem with Time Windows (VRPTW): it represents an extension to 

the capacitated vehicle routing problem, as the capacity constraint is also applied to 

VRPTW. However, for this case a time interval constraint is also imposed. The set of 

constraints shaping a VRPTW includes:  

 

- Each customer is visited exactly once by exactly one vehicle. 

- Each vehicle’s route starts and ends at the depot. 

- The sum of customer demand within a route does not exceed the 

vehicle’s capacity. 

- The service time must be within the specified time window. 

 

- Vehicle Routing Problem with Backhauls (VRPB): it is also an extension of CVRP. The 

customers in VRPB are divided into two groups Linehaul customers and Backhaul 

customers. These customers must be served such that:  

 

- Each customer is visited exactly once by exactly one vehicle. 

- Each vehicle’s route starts and ends at the depot. 

- The sum of customer demand, linehaul and backhaul separately, within 

a route does not exceed the vehicle’s capacity 

- Linehaul customers must be visited first followed by backhaul 

customers. 

 

- Vehicle Routing Problem with Pickup and Delivery (VRPPD): for this particular 

variant, each customer has two distinct quantities. The first represents the quantity to be 
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delivered to the customer, while the second refers to the quantity to be picked up at their 

location. The set of constraints of this variant includes:  

 

- Each customer is visited exactly once by exactly one vehicle. 

- Each vehicle’s route starts and ends at the depot. 

- The current load of a vehicle in a route must be nonnegative and should 

not exceed the vehicle’s capacity. 

- The delivery demand should precede the pick-up demand.  

 

3.3 VRP General Mathematical Formulation:  

Among the general mathematical formulations of vehicle routing problem, we find vehicle flow 

models that have an integer linear programming formulation and are described as follows [7]:  

- Decision Variables:  

This formulation has one decision variable that represents whether the vehicle travels on an arc 

in the optimal solution. 

 

𝑥𝑖𝑗 = {
= 1; 𝑖𝑓 𝑝𝑎𝑡ℎ (𝑖, 𝑗) 𝑖𝑠 𝑡𝑟𝑎𝑣𝑒𝑟𝑒𝑑 𝑏𝑦 𝑎 𝑣𝑒ℎ𝑖𝑐𝑙𝑒

= 0; 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 

- Objective Function:  

The main objective of vehicle routing problems is minimizing the total traveled distance by all 

the used vehicles. It is expressed as follows:  

 

 

Figure 12: Vehicle Flow Model Objective Function 

Where cij is the cost associated with the arc (i,j) and xij is the decision variable discussed earlier. 

- Constraints:  
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(1) 

 

(2) 

 

(3) 

 

(4) 

 

 

(5) 

 

(6) 

 

 

                

  Figure 13: Vehicle Flow Model Constraints  

 

Constraints (1) and (2) are called indegree and outdegree constraints respectively. The indegree 

constraint ensures that exactly one arc enters each vertex. The outdegree constraint, on the other 

hand, imposes that only one arc leaves each vertex. Constraints (3) and (4) specifies that the 

number of vehicles entering and leaving the depot must be equal. Constraint (5) is called 

capacity-cut constraint and imposes that the routes traveled by the vehicles must be connected 

and that the vehicles’ load should not exceed their capacity. And finally, constraint (6) is a 

binary constraint that specifies that the set of variables xij only takes the values of 0 and 1. 

 

3.4 Solution Methods: 

Brute-force enumeration is a classical method employed to solve Vehicle Routing Problems. It 

consists of finding all possible permutations of the solution space and then selecting the best 

one among them. As in most real-world VRP involve hundreds or even thousands of nodes, 

brute-force enumeration could not be used to obtain the optimal solution as it tends to be time 

consuming. Hence, the following solution methods are more convenient and suitable when 

solving a vehicle routing problem. They include Exact Methods, Heuristics, and Metaheuristics. 

- Exact methods:  

Exact methods guarantee the exactness and optimality of its solutions. They are recommended 

when solving optimization problems with small solution spaces. Using exact methods in solving 
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larger problems results in a very slow execution. When it comes to solving vehicle routing 

problem, exact methods include three main approaches, which are vehicle flow formulations, 

commodity flow formulations and set partitioning. They are described as follows [7]: 

o Vehicle flow formulations: as discussed earlier, this approach associates binary variables 

with arcs as a way to indicate the edges that are traversed by vehicles. Vehicle flow 

formulations are generally used when the objective function that represents the total cost to 

be minimized is expressed as the sum of the different costs related to the arcs visited. 

o Commodity flow formulations:  it includes along with variables that indicate the traveled 

routes more integer variables that are associated with the flow of commodities along the 

routes traversed by the vehicles.  

 

o Set partitioning problem: this approach is characterized by an exponential number of 

binary variables. Each one of these binary variables is related to a distinct feasible path. 

Formulating VRP as an SPP results in a set of routes that guarantee demand satisfaction at 

a minimum cost.  

 

- Heuristics: 

Heuristics fall under the category of approximate methods that solve vehicle routing problems 

after a number of iterations that is limited. Moreover, the main focus when it comes to heuristics 

is finding an acceptable solution that may not always be the optimal solution [5]. Among the 

most common heuristics we can find Clarke and Wright Savings algorithm. The algorithm 

merges two routes in one resulting in the generation of a saving. For each iteration, the merged 

route generating the maximum saving is implemented until the merger is no longer feasible [8]. 

Another well-known heuristic is called Petal Algorithms. This heuristic solves vehicle routing 

problems through the generation of a subset of promising paths and combining them by solving 

an SPP. Petal Algorithms are typically used when solving VRP with constraints that differ from 

capacity constraint, time windows for instance [8].  

 

- Metaheuristics:  
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Metaheuristics is name that describes the primary subfield of stochastic optimization. This term 

refers to the set of techniques and algorithms that employ some degree of randomness in order 

to find optimal solutions or near-optimal solutions to hard problems [8].  

The majority of metaheuristic methods try to mimic biological and natural principles at a 

fundamental level. A theme that is shared between the various metaheuristics is the balance 

between exploration and exploitation aspects. Exploration is the ability of operators to 

distinguish solutions in the search space. Whereas exploitation refers to the process of 

enhancing the solution by incrementally modifying the solution until it improves [7]. The 

common techniques of metaheuristic algorithms are divided into two main categories [8]. 

o Local Search Algorithms:  

Algorithms that fall under this category solve optimization problems. They seek to find the 

optimal value of an objective function by moving from a solution to another in its neighborhood 

at each iteration until an optimal solution is encountered or a time limit is reached. Examples 

of Local Search algorithms include Simulated Annealing, Deterministic Annealing, and Tabu 

Search.  

o Population-Based Algorithms: 

Algorithms belonging to Population-Based methods are inspired mostly by naturally occurring 

events and concepts such as the evolution of species. These algorithms rely mainly on several 

memory structures. Furthermore, Population-Based Algorithms traverse the search space in 

order to find the best solution. However, in contrast to Local Search Algorithms that start with 

one initial point, Population-Based Algorithms perform the search starting with multiple points 

at the same time. Among Population-Based Algorithms we find Ant Colony Optimization 

(ACO), an algorithm that takes its inspiration from behavior of ants in order to determine the 

best paths through graphs. Another example is Genetic Algorithm (GA). GA is inspired by the 

theory of natural evolution by Darwin and uses historical data as a way to direct the search to 

the region with the best performance.  

Now that we know enough about solutions methods for vehicle routing problems, selecting 

which one to work with requires evaluating these latter based on a set of attributes and criteria 

described by J.F Cordeau et al as follows [9]:  



23 
 

o Accuracy: this attribute refers to the closeness between the solution proposed by the 

heuristic and the optimal solution. As mentioned previously heuristics do not guarantee 

optimal solutions for vehicle routing problems. Therefore, the comparison is usually made 

between the best-known values. Thus, consistent heuristics that always have a good 

performance and accuracy are preferred. Also, as a way to evaluate the accuracy of 

heuristics, users tend to go for algorithms that do not only generate a good solution but also 

show the overall execution with all the different solutions in an order of increasing quality.  

 

o Speed: it is a criterion that is specially crucial for VRP applications for which fast and 

almost instantaneous action is required. An example of this application given by the authors 

is ambulance relocation. However, speed may not be that crucial when dealing with 

applications at the long-term planning level, like fleet sizing, where decisions are made on 

a several months basis. Therefore, choosing an VRP algorithm based on the speed criterion 

does depend on the computing time required for the particular application at hand.  

 

o Simplicity: heuristics with a high degree of complexity are rarely used and implemented. 

As the more complex the heuristic is, the more difficult it is to code and grasp. This 

complexity is due to the large number of parameters that increased beyond the reasonable 

limits. Heuristics with simpler and shorter codes have higher popularity and a higher chance 

of being selected.  

 

o Flexibility: the degree of flexibility of heuristics is fundamental. As it should be able to 

adapt to the different constraints that make up the vehicle routing problem and 

accommodate most real-life applications. Although the most discussed VRP variants is 

CVRP, new constraint may be imposed and hence the chosen heurist must be flexible 

enough to adapt to this change. If the flexibility criterion is not present, the performance 

witnesses a significant deterioration as a consequence. 
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4 SOLVING A CAPACITATED VEHICLE ROUTING PROBLEM:  

4.1 The Solver:  

The solver we will be using to solve vehicle routing problems is OptaPlanner. OptaPlanner is 

an open source lightweight planning engine. It can be used to efficientely solve optimization 

problems. OptaPlanner combines sophisticated metaheuristics, such as Simlated Annealing 

and Tabu Search, with efficient state-of-the-art constraint solving techniques. 

 

Figure 14: OptaPlanner Logo 

After Installing OptaPlanner from the official website, we can see the following window: 

 

Figure 15: OptaPlanner Window 

This window shows the different examples that can be executed using OptaPlanner solver. 

These include traveling salesman, batch scheduling, investment allocation, and vehicle 

routing problem.  

The main objective for the VRP solver of OptaPlanner is to deliver all orders to all customers 

with the minimum possible number of vehicles. The solver specifies the following constraints:  
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• Find the shortest route possible 

• Not overloading the capacity of the vehicle 

• Arrive within the time window of each customer 

The solver can solve the CVRP and VRPTW variants, but the constraints can be adjusted to 

accommodate other variants as well. 

4.2 Application 1 – Vans Trips During Breaks 

For this particular application, we will deal with trips for the breaks organized by the Students 

Government Association and the Ground & Maintenance Department at Al Akhawayn 

University. For that, we identify the nine different stations where students will be dropped 

depending on their demand. Currently, this service only provides transportation to three 

destinations, which are Meknes, Fes, and Rabat. However, to increase the complexity of the 

problem, we add other stations which also increases the usefulness of the service by covering 

more cities. The station where students will be picked is Campus AUI, it also constitutes the 

“depot” to which all vans must return empty.  

4.2.1 Data Gathering: 

In table (10) below, we list all the stations with their respective coordinates that include the 

latitude and the longitude. These coordinates will work as input to OptaPlanner to identify the 

optimized routes accurately. 

Table 10: Stations’ Coordinates 

Station Latitude Longitude 

Campus AUI 33.538936614990234 -5.107387542724609 

Azrou (Gare Routière) 33.438741275657115  -5.2218662361213015 

Fes Sais International 

Airport 

33.93066458063922 -4.98411534534678 

Fes Railway Station 34.047301890955765  -5.005734098762417 

Meknes Railway Station 33.89656560565199 -5.531825387676958 

Rabat Ville Railway Station 34.01668580241849  -6.835629830001869 

Rabat Agdal Railway Station 34.002215330041864  -6.855500172331377 
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Casa Ain Sebaa Railway 

Station 

33.608633711540676  -7.523906182141422 

Casa Avenue des FAR 33.59666363827301  -7.610981220666792 

Marrakesh Railway Station 31.629902602636932  -8.019010815824906 

 

Before each break, an email is sent to AUI students by the SGA in order for them to fill forms 

with their desired destination and book their spot. This procedure enables us to have a 

deterministic demand where no random probability distribution is involved, as the number of 

students expected to be dropped at each station is previously known and collected through 

students’ answers to the form. For this application, we will work with the following demand: 

Table (11): Demand on Each Station 

 

 

4.2.2 Mathematical Model: 

Before formulating the Mathematical Model that corresponds to this Capacitated Vehicle 

Routing Problem Application and which constitutes of the decision variables, the objective 

function and the constraints, we must first identify the different design parameters. Design 

parameters are constant input data previously known and that influences the output of the 

objective function of a mathematical model. For this case, the design parameters that we need 

include the number of stations to be visited by the vans N, the distance between each two 

Station Demand 

Azrou (Gare Routière) 3 

Fes Sais International Airport 10 

Fes Railway Station 13 

Meknes Railway Station 9 

Rabat Ville Railway Station 11 

Rabat Agdal Railway Station 5 

Casa Ain Sebaa Railway Station 14  

Casa Avenue des FAR 15  

Marrakesh Railway Station 12 

Total Demand 92 students 
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stations, the demand of every station, as well as the capacities of vans. Now, AUI vans have a 

homogeneous capacity as it is the same for every van used for this service and it is equal to 22.  

Now that our parameters are well listed and defined, we must move to next step which consists 

of identifying the decision variables or the quantities to optimize for this particular application. 

We have a set of two decision variables. The first is denoted xij and is a binary variable that 

takes the value of 1 if the arc going from station I to station j is traversed by the van and 0 

otherwise. The second group of decision variables is denoted qij and refers to the integer 

variable that represents the number of students being carried on a van from station i to station 

j.  

The objective function of this problem as any other CVRP is the minimization of the total 

traveled distance. The total distance is expressed as sum of the products of dij and xij. The 

minimization of this objective function will result in an optimal route to be traveled by the vans 

and that satisfies the demand of all students signed up for the service. 

Our CVRP application will be bound by a set of constraints. The constraints that will applied 

to this application will ensure that our model fulfills its specific objective, which is the 

minimization of the total distance traveled by the available vans by traveling a set of optimal 

routes. These routes should allow the van drivers to visit all locations where students must be 

dropped at. Hence, they should result in a satisfaction of all the demand of students on board. 

The constraints must include the following. First, each station should be visited only once by 

only one van. Second, a flow conservation constraint should be applied in order to ensure that 

what gets into a station is equal to what gets out plus the demand for that specific station. Then, 

we have to make sure that the van returns empty to AUI campus which represents here our 

“depot”, as an indication that the demand was fully satisfied. Last but not least, the capacity of 

each van should not be exceeded.   

After identifying all the necessary components of the model, let’s write its mathematical 

formulation:  

Parameters: 

• N: number of stations 

• Dij: distance between station i and station j 

• Di: demand of station i 
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• C: van capacity 

Decision variables:  

• xij: 1 if van goes from stop i to stop j and 0 otherwise 

• qij: number of students in a van going from station i to station j 

Objective Function:  

• minimize ∑ ∑ 𝑑𝑖𝑗𝑥𝑖𝑗𝑛
𝑗=0

 𝑛
𝑖=0   

Constraints: 

• ∑ 𝑥𝑖𝑗 = 1𝑛
𝑖=0     (1) 

• ∑ 𝑥𝑗𝑖 = 1𝑛
𝑗=0     (2) 

• − ∑ 𝑞𝑖𝑗 +  ∑ 𝑞𝑗𝑖𝑛
𝑗=0 = 𝐷𝑖𝑛

𝑖=0  (3) 

• qi0 = 0   (4) 

• qij ≤ C*xij   (5) 

• xij = 0,1   (6) 

• qij ≥ 0    (7) 

 

(1) and (2): each station should be visited only once 

(3): flow conservation; Outflow = Inflow – Demand 

(4): van should return empty to AUI Campus 

(5): number of students carried must not exceed the van’s capacity 

(6): binary constraint 

(7): non-negativity  

4.2.3 Implementation on OptaPlanner and Results: 

After gathering all the data needed, we must input it for the solver through an XML file. The 

following are segments of main part of the code and their respective functions.  

First of all, we inform the solver of the different locations and indicate their longitudes and 

latitudes in order to allow it to compute the air distance of different possible routes.  
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Figure 16: CVRP 1 OptaPlanner – Location List 

Next, we specify our depot which is in this case AUI Campus: 

  

Figure 17: CVRP 1 OptaPlanner – Depot List 

Now, we declare the the available vehicles and their capacities:  

 

Figure 18: CVRP 1 OptaPlanner – Vehicle List 

Then, we list the stations and their respective demand:  
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Figure 19: CVRP 1 OptaPlanner – Customer List 

Finally, we enter the following command to call the VRP solver:  

 

Figure 20: CVRP 1 OptaPlanner – Solution Command 

We save the XML and file and run it on the solver. This generates the following output:  
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Figure 21: CVRP 1 OptaPlanner - Output 

we can see from the figure above, the output represents the optimal set of routes that must be 

traveled by each one of these vans to ensure a minimum total distance. Along with the 

optimization of the total distance traveled, the software also performed a minimization of the 

total number of vans required to fulfill the demand. As we can notice from the figure, only six 

vans were used instead of all the available ten. The optimal routes that will be taken by these 

six vans are:  

Van (1): Campus AUI → Fes Sais International Airport → Campus AUI 

Van (2): Campus AUI → Fes Railway Station → Campus AUI 

Van (3): Campus AUI → Azrou → Marrakech Railway Station → Campus AUI 

Van (4): Campus AUI → Meknes Railway Station → Rabat Ville Railway Station → Campus 

AUI 
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Van (5): Campus AUI → Rabat Agdal Railway Station → Casa Avenue des FAR → Campus 

AUI 

Van (6): Campus AUI → Casa Ain Sebaa Railway Station → Campus AUI 

4.3 Solving CVRP for a Delivery Service: 

4.3.1  Company Overview:  

A Moroccan company delivers dairy to stores all around the country. The company offers a 

delivery service that extends to serve multiple cities in Morocco. The service represents the 

intermediary between the warehouses and the multiple stores in the country that are around 

80,000 stores. In Casablanca, the trucks of the company must visit almost 10,000 outlets every 

day to meet the daily demand. The company has two operating depots in the city: one in Moulay 

Smail and the other in Moulay Slimane. Each one of these depots has its own set of trucks used 

to transport the goods to the stores.  

4.3.2 Business Problem Description:  

The company wishes to optimize this service through the minimization of the distance traveled 

by the trucks as well as the number of trucks used to fulfill the daily demand. We will take 

Casablanca as a case study for this project. Due to confidentiality issues, the companies refused 

to share its data related to the exact products they deliver as well as the locations they visit. 

Therefore, due to this lack of data, we propose to solve this problem on a small scale with our 

own data to give the company’s managers an idea of the results that can be achieved. Thus, the 

data to be mentioned for this case study are not that of the company, that includes the number 

of trucks in each depot, their capacities, the locations that must be visited, as well as the demand 

of each location. 

4.3.3 Data Gathering: 

As mentioned previously, the company has currently two depots in the city: the first one is 

located in Moulay Smail with a total of 10 trucks, and the second depot is in Moulay Slimane 

having 5 trucks. The coordinates of each depot (from Google Maps) are as follows: 
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Table 12: Depots’ Names and Coordinates 

Depot ID Depot Name Latitude Longitude 

 

1 

 

Moulay Smail 

 

33.59947436 

 

-7.56911225 

 

2 

 

Moulay Slimane 

 

33.61341327 

 

-7.557036479 

 

The capacity of the trucks is uniform and homogeneous, meaning it is the same for every truck, 

and we set it equal to 300 units. The demand is distributed on more than one thousand stores. 

In most cases, traditional selling points or stores that this delivery company replenishes are 

close from one another. Hence, using the address of each store individually as a single delivery 

point will result in very large dataset that will make the computing time and execution longer. 

Thus, considering the proximity between these stores, it would be more feasible to work with 

regions instead of stores. Therefore, we use aggregate planning to retrieve the main regions in 

Casablanca that will be visited by the trucks. Following this methodology results in a total of 

49 locations to serve with a total of 2420 demand to satisfy daily. We organize in an excel sheet 

the locations and their corresponding coordinates and demand. A segment of sheet is below, 

the complete table is on Appendix B:  

Table 13: Segment of Regions’ Coordinates and Demand 

Location ID Location Name Latitude Longitude Demand 

3 Moulay Smail 33.59947436 -7.56911225 X 

4 Moulay Slimane 33.61341327 -7.557036479 X 

5 Ain diab 33.5513791 -7.486308072 30 

6 Rahma 33.62825946 -7.511290475 60 

7 Lissasfa 33.58602343 -7.689336793 70 

8 Lekhyayeta 33.53066641 -7.733385607 40 

9 AlMostakbal 33.53049431 -7.672993143 30 

10 Sidi Maarouf 33.46506912 -7.783461577 20 

11 Zoubir 33.52856416 -7.647064867 40 

12 Mandrona 33.51583811 -7.659086191 50 

13 Polo 33.54113613 -7.683609394 60 

14 Ain Chock 33.53207532 -7.611916704 70 

15 Lamkansa 33.55532964 -7.604285133 80 
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4.3.4 Mathematical Model:  

Now that our data is complete, we can start the mathematical model formulation and determine 

the decision variables, the objective function, and the constraints applied to this case study of a 

delivery company. As we saw for the previous application of vans trips during the break. The 

first step in formulating a mathematical model is determining the set of design parameters that 

constitute our data previously gathered and that will guide the model to generate an optimal 

solution that corresponds to this specific case. The optimization of this delivery service 

necessitates the design parameters that include the number of regions where stores to be visited 

by the trucks are located, the distance between the different locations, the demand of every 

region, as well as the capacities of trucks which is homogeneous for all trucks of the two depots, 

and it is equal to 300 units. 

After listing the parameters, the next task is to identify the decision variables to optimize their 

values and that are relevant in the process of choosing the optimal routes with minimum total 

distance. This case study is similar to the previous application, the main difference is that 

instead of transporting students we will be working the delivery of goods. Hence, we have a set 

of two decision variables for this mathematical model as well. The first variable is xij which is 

binary variable that takes the value of 1 if the path going from region i to region j is traversed 

by the truck and 0 otherwise. The second decision variable qij corresponds to the integer variable 

that represents the number of units being carried on a truck from location i to location j.  

The company seeks to minimize the total distance traveled by its trucks. The objective function 

consists of summing the distances that correspond to the chosen paths.  The objective function 

should generate the minimum total distance that is associated with the optimal route to be 

traversed by the trucks ensuring a total satisfaction of stores’ demand in the different regions 

of the city. 

A set of constraints is imposed on this delivery service which must be respected in order to 

ensure a proper functioning of the mathematical model. The company wishes to minimize the 

distance by making its trucks follow a set of optimal routes. Also, these routes should allow the 

trucks’ drivers to stop at all regions where the goods should be delivered. No region should be 

left out and all demand must be satisfied. The constraints that should be applied are the 

following. First, each region should be visited only once by only one truck. Second, we must 

guarantee the flow conservation, meaning we must ensure that the load on a truck leaving a 

region equal to its load when entering that region after subtracting the quantity shipped to that 
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region (demand). Then, we have to make sure that each truck returns empty to the depot to 

which it belongs. This constraint indicates that the demand was fully satisfied. Last but not 

least, the capacity of each truck should not be exceeded.   

The mathematical model is formulated as follows:  

Parameters: 

• N: number of regions 

• Dij: distance between region i and region j 

• Di: demand of region i 

• C: van capacity 

Decision variables:  

• xij: 1 if truck goes from stop i to stop j and 0 otherwise 

• qij: number of units on a truck going from station i to station j 

Objective Function:  

• minimize ∑ ∑ 𝑑𝑖𝑗𝑥𝑖𝑗𝑛
𝑗=0

 𝑛
𝑖=0   

Constraints: 

• ∑ 𝑥𝑖𝑗 = 1𝑛
𝑖=0     (1) 

• ∑ 𝑥𝑗𝑖 = 1𝑛
𝑗=0     (2) 

• − ∑ 𝑞𝑖𝑗 +  ∑ 𝑞𝑗𝑖𝑛
𝑗=0 = 𝐷𝑖𝑛

𝑖=0  (3) 

• qi0 = 0   (4) 

• qi1 = 0   (5) 

• qij ≤ C*xij   (6) 

• xij = 0,1   (7) 

• qij ≥ 0    (8) 

 

(1) and (2): each region should be visited only once 

(3): flow conservation; Outflow = Inflow – Demand 

(4) and (5): truck  should return empty to Moulay Smail Depot (j=0) and Moulay Slimane  

                    Depot (j=1) 
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(6): number of units carried must not exceed the truck’s capacity 

(7): binary constraint 

(8): non-negativity constraint 

4.3.5 Implementation on OptaPlanner: 

Now that all our data is gathered and organized, we can input it in our XML file so that solver 

determines the optimal sets of routes that the company’s trucks must follow to minimize the 

total distance and the number of vehicles needed.  

In the XML file, the first step is to declare the different locations in terms on latitude and 

longitude.  This includes both the depots and the customers’ regions. It is done as follows: 

 

Figure 22: Delivery Service OptaPlanner – Location List 

Next, we must identify our depots: 
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Figure 23: Delivery Service OptaPlanner – Depot List 

Next, we record the available vehicles, their capacities, and the depot to which they belong:  

 

Figure 24: Delivery Service OptaPlanner – Vehicle List 

And finally, we list all the regions where the customers are located and specify their 

corresponding demand:  

 

 

Figure 25: Delivery Service OptaPlanner – Customer List 

4.3.6 Results and Analysis: 

Now that our XML file contains all the necessary data, we run it on OptaPlanner which produces 

the following output:  
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Figure 26: Delivery Service OptaPlanner – Output 

The solution of this CVRP using OptaPlanner took about 5 minutes and 10 seconds. The figure 

above represents the set of all optimal routes that trucks must follow in order to ensure a 

minimum distance while meeting all customers’ demand. Solving this capacitated vehicle 

routing problem also resulted in an optimization of trucks usage for both depots:  

 2 out of 5 for Moulay Slimane Depot 

 7 out of 10 for Moulay Smail Depot 

Therefore, only 9 trucks are able to satisfy the daily demand while minimizing the traveled 

distance. The utilization of these trucks is also maximized since most of them are operating 

under their full capacity.  

The visual output provided by OptaPlanner does not specify the name of the locations to be 

visited nor the order that the driver must follow. However, after solving the problem, a solution 

file is generated. This file is in the XML format and contains the solution in a form of text. We 

can retrieve from this latter the following information: the division of locations between depots, 

the different routes for each truck, and the order to follow when visiting those locations. 

- Moulay Smail Depot:  

Each one of the seven vehicles of Moualy Smail Depot will travel in its own path visiting its 

own set of locations. This results in a total of seven routes:  
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 Route 1 satisfies a demand of 300 units by visiting these locations in the following order: 

Beauséjour, CIL, Hay Hassani, Ain Diab, Anfa, ElHank, Lmedina. 

 Route 2 satisfies a demand 300 units by visiting these locations in the following order: Polo, 

Mandrona, Lamkansa, Ain Chock, Jamila 2. 

 Route 3 satisfies a demand 290 units by visiting these locations in the following order: Ain 

Borja, Garrage Allal, Hay Alfarah, Hay Mohammadi. 

 Route 4 satisfies a demand 300 units by visiting these locations in the following order: 

Bachkou, Loasis, Lissasfa, Zoubir, Rahma, Lekhyayeta, Sidi Maarouf, Al Mostakbal. 

 Route 5 satisfies a demand 300 units by visiting these locations in the following order: Fida, 

TantonVille, Maarif, Val Fleurie, Racine, Bourgoune. 

 Route 6 satisfies a demand 290 units by visiting these locations in the following order: 

Belvedere, La Gironde, Habous, Derb Ghellaf, Mers Sultane. 

 Route 7 satisfies a demand 300 units by visiting these locations in the following order: Ain 

Sebaa, Attacharouk, Salmia 2, Sbata, Sidi Othmane, Hay Salama, Bournazel. 

For a better visualization, I gathered this information in an excel sheet, the table below 

represents the distribution of trucks over the regions for Moulay Smail Depot: 
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Figure 27: Moulay Smail Depot Optimal Routes 
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- Moulay Slimane Depot:  

Moulay Slimane will use two of its trucks to cover the rest of regions. This results in a set 

of two routes:  

 Route 1 satisfies a demand 60 units by visiting Roches Noires only. 

 Route 2 satisfies a demand 280 units by visiting these locations in the following order: Zone 

Industrielle, Hay Al Qods, Azhar, Anassi, Tit Mellil, Sidi Moumen. 

This results as well are grouped in a table as follows:   

 

Figure 28: Moualy Slimane Depot Optimal Routes 

Therefore, the distribution of the demand between Moulay Smail and Moulay Slimane Depots 

is represented in the graph below, where Moulay Smail Depot covers 86% of the demand in 

Casablanca and Moualy Slimane Depot is in charge of the remaining 14%. 

         

Figure 29: Demand Distribution Between Depots 

Solving the Vehicle Routing Problem for this delivery company will allow us to maximize the 

efficiency of both depots, by minimizing the total cost that the company has to pay which results 

86%

14%

Distribution of Demand

Moulay Smail Depot

Moulay Slimane Depot
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in a higher profit margin. We optimized the total distance traveled as well as the number of 

trucks needed to satisfy all the demand. This indeed allows the company to achieve its primary 

objective which is, as a delivery company, to reduce their transportation costs as well as the 

operational costs associated with the trucks. As the less trucks used the less the expenses related 

to them in terms of maintenance, fuel,and tires wear.  
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5 STEEPLE ANALYSIS:  

Societal: satisfying individuals or customers by providing them with a reliable delivery service 

that meets their expectations and responds to their demands quickly and without any delay.    

Technological: finding the optimal solutions to Vehicle Routing Problems requires the 

availability and use of solvers such as OptaPlanner, Excel, and CPLEX. 

Economical: Vehicle Routing Problems mainly target the economical aspects of logistics 

companies. Therefore, determining the optimal routes through solving VRP results in a 

minimization of the total cost, hence leading to lower expenses and a higher profit margin. 

Environmental: solving VRP will lead to a considerable decrease in the number of needed 

vehicles as well as the distance traveled by these latter, which will reduce the toxic emissions 

and contribute to protecting the environment. 

Political: The Ministry of Transportation and Logistics in Morocco will apply constraints to 

the companies. These constraints may include the type of allowed vehicles and the 

specifications these vehicles must abide by. For instance, the ministry indicates that for truck 

the maximum height is about 12 meters. The maximum load, on the other hand, varies with the 

number of axles on a vehicle. For example, a truck with two axles has a maximum load of 18 

tons while a truck with three axles can transport up to 24 tonnes of goods. 

Legal: legal rules imposed by the Moroccan government to regulate the roads that if not 

respected will result in fines. Among these rules we find the maximum speed that must not be 

exceeded by the drivers. The fines applicable can range from 300 MAD to 700 MAD depending 

on how much the allowed speed is exceeded. For instance, exceeding the speed limit between 

20 km/h and 50 km/h results in a 500 MAD fine. 

Ethical:  solving this transportation problem aims to find optimal route for trucks while 

minimizing the number of trucks needed. These two optimizations will lead to less CO2 

emission. Thus, contributing to solving the world’s biggest ethical issue.    
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6 CONCLUSIONS:  

Through this project, we gained a clearer understanding of transportaton problems, both the 

Traveling Salesman Problem and the Vehicle Routing Problem. Even if the VRP is the main 

focus of this capstone project, grasping the TSP allowed for a smoother introduction to VRP 

which is more complex and for which more constraints are imposed. For the TSP, we solved 

examples in two main ways. First, manullay using Branch and Bound Algorithm and Dyanmic 

Programming. Second, we used OptaPlanner solver as one of the tools used to solve 

transportation problems. Next, we defined the VRP, identified some of its variants, and listed 

the different solution methods used. After that, we move to our first application that allowed us 

to be familiar with the solver. Then, we moved to the real-life application that consists of 

solving, using OptaPlanner, a CVRP for a delivery service of dairy products.  

Two variations of the problem can be discussed. Firstly, a variation at the level of the depot. 

The company can either choose to centralize or decentralize its depots. Centralization would 

provide more efficiency and will allow for exploitation of economies of scale. Decentralization, 

on the other hand, can enable the company to be more responsive and respond quicker to 

customers’ demand. Secondly, a variation a the level of trucks’ capacity. The company may 

want to keep homogeneous capacity. In this case, excess capacity can be the result of using a 

big truck to serve a region with a small demand. Or, for the case of small trucks, we will need 

more trucks to serve a region where the demand is higher. Therefore, to solve this issue, we 

suggest having trucks with heterogeneous capacities and using them accordingly depending on 

the region we want to serve and the demand we must fulfill. 

Unfortunately, we could not fully explore the company’s case due to confidentiality issues and 

inability to get the real data. However, the work done was close to reality as real coordinates 

were used. Therefore, the project is surely useful for the company we worked with as well as 

others that may want to optimize their delivery services. 

The four-month period was enough to explore the main aspects of the Vehicle Routing Problem. 

However, a longer period would have allowed for a deeper analysis of the problem. For 

instance, we could have tried working with another solver, CPLEX for instance, in order to 

compare the performace. We could have also explored the possibility of working with a 

stochastic demand and analyze the differences between the two cases in terms of 

implementation. 
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Appendix A: Project Specification: 

 

BENLAAMA Fadwa 

EMS 

CAPACITATED VEHICLE ROUTING PROBLEM WITH DETERMINISTIC DEMAND 

Dr. KISSANI I 

Spring 2022 

 

This capstone project is a transportation problem that is intended to optimize the delivery 

service for a Moroccan company based in Casablanca.  

This project will begin with gathering enough background information about the Vehicle 

Routing Problem (VRP) and its various variants (Capacity Constraint, Time Window, etc.). It 

is also necessary to acquire knowledge regarding the different algorithms used to solve VRPs. 

After that, we move to the analysis phase where we identify the VRP variant to be used as well 

as the data needed in order to solve the business problem in hand. This preliminary research is 

to take place during the first half of the semester. As for the other half, we will be working on 

Design, Implementation, and Testing Phases. During the Design phase, we must adapt the data 

we have that include the number of trucks available, the capacity of each truck, and the different 

delivery points or customers’ addresses. During the Design phase, we must adapt these data der 

to design a good mathematical model to solve the VRP such that the total distance traveled and 

the number of trucks needed are minimized. As for the Implementation phase, we decide upon 

a tool or more (Excel, OptaPlanner, OR-Tools etc.) to execute the code containing a 

mathematical model that will allow us to test the model and see if there are any improvements 

to make. 

 The societal implication of project is satisfying individuals (customers) by providing them with 

a reliable delivery service that is optimal and responds to their demands without any delay. The 

ethical implications, on the other hand, solving this transportation problem aims to find optimal 

route for trucks while minimizing the number of trucks needed. These two optimizations will 

lead to less CO2 emission. Thus, contributing to solving the world’s biggest ethical issue. A 

more detailed STEEPLE Analysis will be provided on the final report. 
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Appendix B: Complete List of Locations with Their Coordinates & Demand 

Location ID Location Name Latitude Longitude Demand 

3 Moulay Smail 33.59947436 -7.56911225 X 

4 Moulay Slimane 33.61341327 -7.557036479 X 

5 Ain diab 33.5513791 -7.486308072 30 

6 Rahma 33.62825946 -7.511290475 60 

7 Lissasfa 33.58602343 -7.689336793 70 

8 Lekhyayeta 33.53066641 -7.733385607 40 

9 AlMostakbal 33.53049431 -7.672993143 30 

10 Sidi Maarouf 33.46506912 -7.783461577 20 

11 Zoubir 33.52856416 -7.647064867 40 

12 Mandrona 33.51583811 -7.659086191 50 

13 Polo 33.54113613 -7.683609394 60 

14 Ain Chock 33.53207532 -7.611916704 70 

15 Lamkansa 33.55532964 -7.604285133 80 

16 Hay Hassani 33.5345507 -7.584127546 90 

17 CIL 33.52816907 -7.58202446 10 

18 Beauséjour 33.57132496 -7.678635696 30 

19 Maarif 33.57250624 -7.6590569 50 

20 Anfa 33.5680623 -7.651090356 70 

21 Racine 33.56648332 -7.629070679 80 

22 Bourgone 33.58971445 -7.662829445 60 

23 ElHank 33.59164436 -7.641481992 50 

24 Val Fleurie 33.59750272 -7.644046996 40 

25 Derb Ghellef 33.60625507 -7.651080071 30 

26 Loasis 33.57434262 -7.637262143 20 

27 Bachkou 33.57075776 -7.625099059 20 

28 Fida 33.55807169 -7.637013917 20 

29 Lemdina 33.55896805 -7.627995031 20 

30 La Gironde 33.56648332 -7.603089669 50 

31 Belvedere 33.60280937 -7.620961955 50 

32 Hay Elfarah 33.58626809 -7.608219676 60 

33 Ain Borja 33.58950768 -7.5996145 70 

34 Hay Mohammadi 33.56889634 -7.590264646 70 

35 Ain Sbaa 33.58468272 -7.591588519 60 

36 Roches Noires 33.59061049 -7.566103962 60 

37 Hay AlQods 33.60094864 -7.534331007 90 

38 Azhar 33.60852916 -7.565442025 40 

39 Anassi 33.61907187 -7.490560449 40 

40 Attacharok 33.60501464 -7.485513182 30 

41 Sidi Othmane 33.59040371 -7.496848847 40 

42 Hay Salama 33.5732396 -7.519437432 20 

43 Salmia 2 33.55748476 -7.55967616 30 
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44 Jamila 2 33.5619853 -7.557947903 40 

45 Sbata 33.53900006 -7.552691119 50 

46 Sidi Moumen 33.54950321 -7.582791606 60 

47 Bournazel 33.54085651 -7.564123898 70 

48 Mers Sultan 33.58808419 -7.519048946 80 

49 Garrage Allal 33.57636463 -7.557297038 90 

50 Habous 33.56977644 -7.609069179 80 

51 Tantonville 33.57653363 -7.599971703 50 

52 Tit Mellil 33.57797692 -7.609944139 30 

53 Zone Inds 33.5578142 -7.621074564 20 

 

 

 

 

 

 

 


