Project Report 

CSE 598 Design and Analysis of Algorithms

Berth Allocation Partition 

Using Branch and Bound 

Minghao Cui 

Computer Science & Engineering Department

Arizona State University

Minghao.cui@asu.edu

(work done 100% by Minghao Cui ,  P 211)

3Berth Allocation Partition Algorithms


31. Motivation


32. Related work


43. Problem statement


43. 1 Problem description


63.2 the objective


64. A Formal Problem Definition


64.1 BAP model


74.2 BAP Constraints


74.3 Formal definition


85. Suggested solutions


96.  Branch and bound algorithm


96.1 General branch and bound algorithm


116.2 The branch and bound method used in BAP


126.3 Detailed implementation problems


126.3.1 Normalization


136.3.2 Vertical reorganization


137. Correctness of the algorithm


137.1 General rules


137.2 Prune methods


137.2.1
Prune method 1


147.2.2
Prune method 2


148. Time complexity of the algorithm


149.   Simulations Result


159.1 adjust parameter k


159.2 Adjust parameter m


169.3 Some improvement methods comparison


1710. Conclusion


17Reference


18Appendix


18Appendix A:  Transshipment cost in different parameters


19Appendix B: More results data charts


21Appendix C: Source Code




P211 Minghao Cui 

Graduate 

Berth Allocation Partition 

Using Branch and Bound

1. Motivation

       The shipping of goods and commodities via vessels across the oceans is an important mode of transportation in the modern day commercial world. Surface shipping remains a viable alternative to air freight because many types of cargo are either too large or too heavy to be transported by air, or are just not cost-effective to be air- Hence, container transshipment ports around the world today still enjoy a good share of the global transportation business.

        The business volume for a transshipment port can be well in excess of 10 million containers per year. Vessels arriving at a transshipment port are berthed along the berthing area, which is a huge stretch of land at the oceanfront. To ensure fast turnaround times, vessels have to be berthed as soon as possible upon arrival and have the necessary containers loaded onto or unloaded from them in the shortest time by the quay cranes. In a transshipment port, the containers unloaded from a vessel are generally transferred by the prime movers to another vessel to be loaded onto it, hence the transshipment process. If the recipient vessel has not arrived yet, these containers will be temporarily stored in a yard area. The containers can be transferred quickest when vessels having to interchange large volumes of containers are either berthed near to each other or berthed near to the yard area for holding the containers. Then the containers will only have to be transported across minimal distances to reach their destinations. The operational efficiency in the berthing of vessels contributes towards a high container handling rate and a low vessel turnaround time, allowing the port to service more vessels per day, thus increasing the volume of business. 

2. Related work

         Some related problems are QAP (Quadratic Assignment Problem) and GAP (airport Gate Allocation Problem).  QAP is that given n facilities, to be located in n fixed places. We can map this problem to BA, with facilities mapped to vessels, and places as sections. The difference is there is time dimension in BAP and there are more than one vessels per section. GAP is to allocate gates in airport for arriving airplanes. We can also map this problem to BAP, with airplanes as vessels and gates as sections. The difference is In GAP there is 1 plane at one gate at any given time, while in BAP there are many vessels per section.  All of these three problems are believed NP-hard Problems  

3. Problem statement 

   3. 1 Problem description

      In a container transshipment port, the berth is a stretch of land at the ocean-front along which incoming vessels are berthed. The berth is logically divided into sections, 
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Figure 3.1 Element of a Port

which are straight segments of land based on the geographical demarcation of the landmass. Each section typically operates independently of other sections, managing the vessels that are assigned to the berths within it. A section is generally large enough to accommodate several vessels at any one time. Sensible port planning results with sections that are multiples of 100m in length.  So a section with a weird length of 342m would not be encountered. Such planning allows the section to be utilized more effectively.

     Within a section, there are numerous wharf marks. A wharf mark indicates the start of the actual location at which a vessel is to be berthed. For vessel safety, wharf marks cannot be too close to each other and they are typically 10m apart. Hence, a 200m section has 20 wharf marks. Each section also has a number of quay cranes along the sea front for loading/unloading containers and a yard area for storing containers.

     Figure 3.1 shows the elements of a typical port. It also illustrates the activities that take place within the port, mainly that of managing the berthing of vessels and the transfer of containers. After an incoming container vessel has been berthed within a section, the quay cranes along the section will unload containers from it. These containers are then loaded onto prime movers which transport them for temporary storage in the yard while they await transshipment onto another vessel. When the recipient vessel arrives later, the reverse process occurs, namely the prime movers will transport the containers from the yard to the quay cranes, which will then load them onto the recipient vessel. If the recipient vessel is already in the port, the containers can be transferred directly onto it, bypassing the yard. 

     In Figure 3.1, vessels A and B are berthed in sections 3 and 2 respectively and a container from vessel A needs to be loaded onto vessel B. Since they are berthed in different sections of the port, a prime mover has to transport the container from section 3 across to section 2. As a port normally occupies several kilometers of land, transportation of containers across sections should be minimized as it slows down the overall transshipment process. In our example, if vessel B were berthed in section 3 instead, then the transshipment could be speeded up as the container would not have to be transported across the sections. 

     Vessel B has a container to be transshipped to vessel C. Since vessel C has not arrived at the port yet, the container has to be temporarily stored in the yard of section 2. When vessel C arrives at the port, it should preferably be berthed in section 2 (which hopefully has enough room to accommodate it), for it would then be nearest to the container. Otherwise, if vessel C were berthed in section 1 or 3, the container would have to be transported across to that section, delaying the transshipment process. 

     The management of the port would typically have a schedule of incoming vessels for the next 84 hours (3 1/ 2 days) and also a transshipment chart of the containers. The BAP then involves planning an optimal assignment of vessels to sections, and then eventually to a specific wharf mark for berthing, so as to minimize the overall container traffic that is being moved across the different sections. Doing so will lead to speedier transshipment process which will decrease the vessel turnaround time, and allow the port to increase its business by servicing more vessels. 

     The real world problem is actually more complicated than what we just described. There are many other considerations and physical constraints which come into play. We will mention a few examples here and when we define the BAP formally in the next section, we will state the assumptions made in our model. 

      For example, there is a concave corner between section 1 and section 2 in Figure 3.1. Berthing vessels in this corner would cause difficulties for a vessel in section 1 might collide with a vessel in section 2. In addition, sections may not be entirely straight; it is possible that the land may meander, introducing physical difficulties to berthing. Secondly, vessels come in different sizes, the larger long-haul vessels have a deeper draft (vertical height) than the smaller feeder vessels and they require a section with deeper water for berthing. It is possible that some sections are too shallow to accommodate the larger vessels, thus adding more constraints to the problem. Thirdly, the time taken for the overall transshipment process is also affected by the actual allocation of quay cranes and prime movers to a particular vessel. By allocating more of such resources to one vessel, the turnaround time for that vessel can be reduced. However, this will take away resources from other vessels and increase their turnaround times. Thus, the real world BAP involves a delicate balance in resource allocation.

   3.2 the objective

       In BAP partitioning, given a sequence of vessels, we want to assign each vessel to a section. The assignment must satisfy some constraints. Therefore, we define:

        A feasible BAP partitioning solution (or simply, a solution) consists of the assignment of each vessel to a section (of the port) that satisfies the following constraints: 

1. each vessels must be assigned to only one section, 

2. at any given time (during the planning window), the sum of the lengths of vessels occupying a given section must be less than the corresponding section length.

      Note that in some problem instances, there may be no feasible solution.

The objective in BAP partitioning is to find a solution that 

1. minimizes  first the number of unassigned vessels and then 
2. minimizes the total transshipment cost to move all the containers. 

The transshipment cost measures the total cost of container movement for the problem.

4. A Formal Problem Definition

     As we can see from the preceding discussion, the BAP involves many constraints and is very difficult to solve optimally. Like the quadratic assignment problem, is an NP-hard problem.

  4.1 BAP model 

    Before defining the problem formally, we make the following assumptions in our BAP model: 

1. All sections are straight lines and the entire section length is usable for berthing. 

2. All sections are deep enough to berth even the largest vessels. 

3. Any vessel can be assigned to any section, and to any wharf mark within that Section.

4. The distance between two sections is approximated by taking the Euclidean distance between the mid-points of both sections. 

5. The quay crane and prime mover resources are infinite, ie. we assume a vessel will always be allocated enough resources to support the loading/unloading of containers. This assumption allows us to ignore the effect of quay cranes and prime movers in our model, as these resources can be readily increased when required, unlike the berth. 

6. The vessel arrival and departure times are fixed. Each vessel is berthed immediately upon arrival and its entire transshipment process can be completed within its duration of stay at the port, which is = (departure-time arrival-time). 

7. The direction of all transshipment are always towards vessels that are either already berthed or will be berthed later. In other words, no vessel can transship containers to vessels that have already left the port. 

    4.2 BAP Constraints

           The constraints for the BAP are:

1. Each vessel can be assigned to exactly one section. 

2. Each vessel can be assigned to exactly one wharf mark within the allocated section.

3. At any instance of time, the total length of all vessels assigned to a section must not exceed the length of that section. 

4. No two vessels can occupy the same space, or overlap in space, at any point in time. 

5. No vessels can be straddled across section boundaries. 

     4.3 Formal definition

     We now define the BAP as follows. 

    Let:
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Given: 
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3. Table of container between vessels 
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We want to find a mapping of vessels to wharf marks within sections: 
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     Our objective is to minimize the total container traffic, which is also known as the total transshipment cost, across sections: 

Minimize 
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     The total transshipment cost is calculated as the product of the number of containers moved 
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     The BAP is subjected to the following constraints: 

1. Each vessel can be assigned to exactly one section. 
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2. Each vessel can be assigned to exactly one wharf mark within the allocated section. 
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3. At any instance of time, the total length of all the vessels assigned to a particular section cannot exceed the length of that section. 
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4. No two vessels can occupy the same space simultaneously. 
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            then either one of the following must be true: 
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5. A vessel cannot be straddled across section boundaries. 
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5. Suggested solutions

        There are 2 main approaches for BAP partition problems. One is using Graph Partitions. Typical Graph Partition algorithms are GP algorithm by KL and FM. Graph partition problems is to divide the vertexes in to several equal sized set and minimize the sum of edges across the these sets. The general approach is to find an initial tentative solution, and do iterative improvements towards the optimal solution. This algorithm is time consuming while it could achieve very good result. 

The second approach is using Branch and Bound. The problem with BAP is to find an appropriate prune method, which is to cut those possibilities if it is predicted to be not optimal. The most important part of the problem is to define this kind of function that will prune those “bad” candidates. The next part is going to explain the Branch and Bound approach to solve BAP partition problem. We also need to make decision to tradeoff the time and quality. 

6.  Branch and bound algorithm 

     6.1 General branch and bound algorithm

      Branch-and-bound is an approach developed for solving discrete and combinatorial optimization problems. The discrete optimization problems are problems in which the decision variables assume discrete values from a specified set; when this set is set of integers, we have an integer-programming problem. The combinatorial optimization problems, on the other hand, are problems of choosing the best combination out of all possible combinations.

      The major difficulty with these problems is that we do not have any optimality conditions to check if a given (feasible) solution is optimal or not. For example, in linear programming we do have an optimality condition: when you give me a candidate solution, I'll check if there exists an "improving feasible direction" to move, if there isn't, then your solution is optimal. If I can find a direction to move that results in a better solution, then your solution is not optimal. There are no such global optimality conditions in discrete or combinatorial optimization problems. In order to guarantee a given feasible solution's optimality, one has "to compare" it with every other feasible solutions. To do this explicitly, amounts to total enumeration of all possible alternatives, which is computationally prohibitive due to the NP-Completeness of integer programming problems. Therefore, this comparison must be done implicitly, resulting in partial enumeration of all possible alternatives. 

       As an example consider the following problem from machine scheduling. We have n jobs each of which can be processed either on machine 1 or machine 2. But the processing times may differ depending on the machine the job is to be processed. Suppose we have four jobs with the following processing times:

	
	Job 1
	Job 2
	Job 3
	Job 4

	Machine 1
	4
	4
	3
	5

	Machine 2
	2
	3
	4
	4


      We would like to assign each job to a machine such that all the jobs are processed as soon as possible. In other words, we would like to minimize the completion time of the job that is processed last.

      This problem has an integer programming formulation. If we define the decision variables as 
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    Objective is to minimize 
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       If we were to explicitly enumerate all possible solutions, since we have n = 4 jobs and each job has two possibilities for assignment, either to machine one or to machine two, then there are 2n = 24 = 16 possible assignments. A systematic way to generate all these possible assignments is by means of a "total enumeration" tree, as shown be figure 6.1.

      The essence of the branch-and-bound approach is the following observation: in the total enumeration tree, at any node, if I can show that the optimal solution cannot occur in any of its descendents, then there is no need for me to consider those descendent nodes. Hence, I can “prune” the tree at that node. If I can prune enough branches of the tree in this way, I may be able to reduce it to a computationally manageable size. Note that, I am not ignoring those solutions in the leaves of the branches that I have pruned, I have left them out of consideration after I have made 

[image: image71.png]



Figure 6.1   The Selection Tree of Job Scheduling

sure that the optimal solution cannot be at any one of these nodes. Thus, the branch-

and-bound approach is not a heuristic, or approximating, procedure, but it is an exact, optimizing procedure that finds an optimal solution. 

      Then the problem remains on how to find a mechanism to judge how and when to prune a branch. This is always the most difficult part in Branch and Bound approach. There are many different way to define such a function and results in different quality. 

      Consider the following very "loose" lower bound: the makespan of "partial" schedule at node; assuming as if jobs not yet assigned will not contribute to the makespan. For example at node 3, jobs 1 and 2 are assigned to machine 1 to be processed for 4 units of time each, and none of the other jobs yet assigned. Thus the makespan of the (partial) schedule in this node is 8. In any descendent of this node, the makespan of the corresponding (partial) schedule will be equal to (at best) or greater than (more likely) 8. But we already have a solution, the incumbent, with a makespan of 7. Hence, we can prune the tree at this node, knowing that the optimal solution cannot be at any one of the nodes 15, 16, 17, or 18. 
     We can also prune the tree at node 14, whose lower bound is 9 which greater than our incumbent solution's makespan of 7. From the above example two points should be clear: better ("tighter") the lower bound, the more we can prune off the tree, and regardless of the lower bounding scheme used, how much we can prune is highly data dependent. A same branch-and-bound procedure that behaves very well with a specific set of data can do very poorly with a different set of data. 

     How well a branch-and-bound algorithm solves a specific discrete or a combinatorial optimization problem depends on how branching is going to take place and which bounding scheme is to be used. In order to be able to prune more of the tree, thus having fewer alternatives to explicitly evaluate, we need to have tighter bounds. To be able to have a tighter bound, one has to solve the problem with minimal relaxation. (Tightest bound is obtained when one solves the problem as is, i.e. without any relaxation.) In order to have a tighter bound, we have to spend more computational effort at each node, but we need to evaluate fewer nodes, since we would have pruned most of the tree. On the other hand, if our bounding scheme results in not very tight bounds, we would not be able to prune much of the tree, thus having have to evaluate large number of the nodes --at the extreme all of the nodes in the tree, which is worse than total enumeration of all alternatives. How best one resolves this trade off is the indicator of the quality of the branch-and-bound algorithm designed for that specific problem.

    6.2 The branch and bound method used in BAP

        The approach we used to solve BAP partitioning is a two-step approach.

        Step 1: Sort all the vessels according to a score function 
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  Step 2: Use a Branch and Bound algorithm to assign m vessels to appropriate                sections.

        In step 1, we compute a score for each vessel. The score function we used here is
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  (6.1)

         The principle is that the vessel arrives first should be assigned first and if two vessels arrive at nearly the same time, the one with short Duration should be assigned first. Therefore, we use a penalty parameter 
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 to determine the influence of duration on assignment order. After compute the score for all the vessels, we sort the assignment order of the vessels according to their score and vessels with smaller score are assigned first.

         In step 2, we use a Branch and Bound algorithm to assign vessels to appropriate sections. Taking computational overhead into consideration, we process first 
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 vessels each time according to their assignment order. Obviously large 
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 will result in large computational overhead and will result in better solution, so we will try to find the tradeoff between computational overhead and optimal solution by adjusting
[image: image77.wmf]m

.

        A selection tree T is built to determine a solution for the 
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vessels each time. Shown as Figure 6.2. All the nodes in each level represent a corresponding vessel, i.e., nodes in level 
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vessels. The edge between node 
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. And each edge is associated with a value that equals to the increment of the transshipment cost if node is assigned to the corresponding section. 
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Figure 6.2 Selection Trees of Vessels with 3 Sections

       We traverse the whole selection tree to find a best solution. When we arrive a leaf node or arrive an internal node whose corresponding vessel could not be assigned to any section, if the transshipment cost now is smaller than 
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      During the traveling of the selection tree, subtrees that could not contain a better solution than the best solution till now are pruned as early as possible. Assume five vessels, 
[image: image87.wmf]4

3

2

1

,

,

,

v

v

v

v

 and 
[image: image88.wmf]5

v

, are to be assigned. After process
[image: image89.wmf]1

v

, 
[image: image90.wmf]2

v

and
[image: image91.wmf]3

v

, the current transshipment cost 
[image: image92.wmf]cur

Trans

represents the transshipment overhead for 
[image: image93.wmf]1

v

, 
[image: image94.wmf]2

v

and 
[image: image95.wmf]3

v

. And for the rest vessels, 
[image: image96.wmf]4

v

and
[image: image97.wmf]5

v

, the minimum additional transshipment cost 
[image: image98.wmf]add

Trans

 can be computed. Therefore, if 
[image: image99.wmf]min

Trans

Trans

Trans

add

cur

³

+

, the subtree rooted at current node is pruned. 

      After traverse the whole tree, a best solution for the 
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ordered vessels is found. Then the next 
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 is to be processed in the same way.

     6.3 Detailed implementation problems

         6.3.1 Normalization

      When compute the score function S(V) for each vessels, we try to normalize the values in order to get a balance between 
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      The new function is as below:
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      We use the maximal Arrival value and Duration value among all the vessels to normalize the score function. The advantage of doing this is we could balance the impact between the arrival time and duration period. 

        6.3.2 Vertical reorganization
      In step 2, before processing the 
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 vessels, we sort them again according to their length. This method can avoid partitioning the space of a section into small pieces as the same principle used in memory allocation management. 
7. Correctness of the algorithm

   7.1 General rules

     In step 1, we sort the vessels in order to get a better assignment order. The principle in the score function is like the principle we learned in memory allocation management.

 Principle  1: first come first serve. 

 Principle  2: minimal wait time. 

 Principle  3: voiding partitioning memory into small pieces.  

     In score function 
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[image: image109.wmf]Arrival

v

.

is used to implement principle 1 and 
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is used to implement principle 2. And the vertical reorganization in step 2 assures principle 3. In the result, we can see that after sorting, we get a better solution.

    7.2 Prune methods

      In step 2, the main problem is how to prune subtrees without probably better solution as early as possible. We use two methods to prune subtrees. 

7.2.1 Prune method 1

      Assume that there are 3 sections we can use to assign vessels. When we arrives an internal node, 
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, which has 3 edges leading to node
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, we could prune the edge whose corresponding section could not contain 
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. The example is shown in Fig. 7.1. If vessel 
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 could not be contained by section 3, then the rightmost subtree of the node (vessel 
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) will be pruned. 
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Figure 7.1 Example of Prune Method 1

(Vessel i cannot be contained by section 3)

7.2.2 Prune method 2

     We use function, 
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, to decide whether a subtree should be pruned or not. 

      Assume we process vessels 
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     In equation (7.2), we assume that the vessels waiting to be assigned will be assigned to the optimal sections. Thus 
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 is the lower bound of the estimated increase of transshipment cost.  

     Therefore, 
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 is the lower bound of the transshipment cost of any leaf nodes in this subtree. If 
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is greater than
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, the subtree may not achieve better solution and should be pruned.

8. Time complexity of the algorithm

Step 1: In step 1, the main computational overhead is sorting. Calculating the score for each of the vessel can be done in constant time. So the whole computation for the score function is 
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vessels, using some sorting algorithm, the time complexity in step 1 is 
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Step 2: In step 2, the main computational overhead is traversal. Assume we process 
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 vessels in a step and we have 
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 sections. Then there are 
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     We need to repeat step 2 for 
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.  Therefore, the total time complexity of this algorithm is 
[image: image139.wmf])

(

s

nm

O

.
9.   Simulations Result

     We try to adjust the parameters during experiments to find a tradeoff between solution and computational overhead. There are two parameters in this algorithm. One is the 
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 in score function, which we need to decide to balance the impact of arrival time and duration time. The other parameter is the 
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, which is the number of vessels we process in one step. In all the charts below, the 
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 axis represents different test data set, and the number of vessels in the data set increases with the order. We use transshipment cost to measure the performance of different parameter pairs and improvement methods. (More experiment results data are included in Appendix A.)

    The data set we used to test is the test bench from RAS group from NUS. A link is added in reference section. 

   We have to note that the Branch and Bound approach is highly data dependent, because of the nature of the prune methods used. A same branch-and-bound procedure that behaves very well with a specific set of data can do very poorly with a different set of data.  

    9.1 adjust parameter k

      As in the chart below, the parameter pair (m=7 k=1) gives the best solution.

      Shown as Figure 9.1
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Figure 9.1 Adjusting K

9.2 Adjust parameter m

      As in the chart below, parameter pair (m=9 k=0.6) gives the best solution.  Shown as Figure 9.2 
[image: image144.emf]Adjust parameter m

0

100000

200000

300000

400000

500000

600000

700000

800000

900000

1000000

1 2 3 4 5 6 7 8 9

proj order

transshipment cost

greedy algorithm m=7 k=0.6 m=11 k=0.6 m=9 k=0.6


Figure 9.2  Adjusting m

   9.3 Some improvement methods comparison

      As in the chart below, sorting and vertical reorganization improve the algorithm. Shown as Figure 9.3
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Figure 9.3 Improvement methods comparison

More results data charts are included in Appendix B.

10. Conclusion

      In this project, we used a two–step Branch and Bound approach to solve the Berth Allocation Planning Partition problem. Some improvement methods are introduced to enhance the computation quality. Note that the Branch and Bound approach is highly data dependent, because of the nature of the prune methods used. A same branch-and-bound procedure that behaves very well with a specific set of data can do very poorly with a different set of data. In the data set we used in this project, we get the best quality with the parameter set to 
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 and 
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. Of course the value of these parameter should increase in the context of big data set, that is big number of vessels and sections.    
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Appendix A:  Transshipment cost in different parameters
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Appendix B: More results data charts
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Appendix C: Source Code

void BAPTVPartitioner::GenSolnRandom()

{

  //array<int>  v(1,mNumVes);

  array<double> score(1,mNumVes);     /*may be double, not sure*/

  int i,j,p,q;

  double k=0.6;                       /*penalty score*/

  for (i=1;i<=mNumVes;i++)               

    v_order[i]=i;

 int maxArrival=0;

 int maxDur=0;

 for(i=1;i<=mNumVes;i++)

  {

   if (mVes[v_order[i]].Arrival()>maxArrival)

     maxArrival=mVes[v_order[i]].Arrival();

   if (mVes[v_order[i]].Departure()-mVes[v_order[i]].Arrival()>maxDur)

     maxDur=mVes[v_order[i]].Departure()-mVes[v_order[i]].Arrival();

  }         

 for (i=1;i<=mNumVes;i++)

   {

    score[i]=(double)mVes[v_order[i]].Arrival()/maxArrival+k*((double)(mVes[v_order[i]].Departure()-mVes[v_order[i]].Arrival())/maxDur);

    //cout<<"Score:"<<score[i]<<"\n";

   }

 for (i=1;i<mNumVes;i++)

    for (j=1;j<=mNumVes-i;j++)

      {

        if (score[v_order[j]]>score[v_order[j+1]])

          {

           int temp=v_order[j];

           v_order[j]=v_order[j+1];

           v_order[j+1]=temp;

          }

      }

 int VesselsLeft=mNumVes;

 int m=7;              /*number of vessels processed per step*/

 int step;            /*number of process step*/

 if (VesselsLeft & m ==0)

   {

    step=VesselsLeft/m;   

   }

 else

   {

    step=VesselsLeft/m+1;

   }

 for (i=1;i<=step;i++)

   {

    long int remain_cost=0;

    long int transcost=0;

    min_cost=90000000;

    int step_min=(i-1)*m+1;

    int step_max;

    if (i*m<mNumVes)

       {

        step_max=i*m;

       }

    else

       {

        step_max=mNumVes;

       }

    for (p=step_min+1;p<=step_max;p++)

      for (q=step_min+1;q<=step_max;q++)

        remain_cost+=mTrans(v_order[p],v_order[q]);

    for (p=1;p<step_max-step_min+1;p++)

      for (q=1;q<=step_max-step_min+1-p;q++)

        {

         if (mVes[v_order[step_min-1+q]].Length()<mVes[v_order[step_min+q]].Length())

              {

               int temp=v_order[step_min-1+q];

               v_order[step_min-1+q]=v_order[step_min+q];

               v_order[step_min+q]=temp;

              }

        }

    AssignVesToSections(step_min,transcost,step_min,step_max,remain_cost);

    for(j=step_min;j<=step_max;j++)

      {

       TVVessel& v=mVes[v_order[j]];

       Assign(v,mSect[min_path[j]]);

      } 

   }

}

//Unassign Vessel v to a section

void BAPTVPartitioner::UnAssign(TVVessel& v,TVSection& s)

{

 s.Remove(v);

 v.AddDestination(s.ID());

 v.Section(0);

 mUnallocVes.insert(v.ID());

}

//Assign Vessels to Sections by Bound and Branch

void BAPTVPartitioner::AssignVesToSections( int VesNum,long int transcost,int step_min,int step_max,long int remain_cost)

{

 int i,j,k,q,p;

 if (VesNum>step_max)     /* return condition*/

   {

    if (transcost<min_cost)        /*global_variable  transcost??*/

      {

       min_cost=transcost;

       for ( j=step_min;j<=step_max;j++)

         {

          min_path[j]=cur_path[j];     /*both array are global array*/

         }

      } 

    return;

   }

 TVVessel& v=mVes[v_order[VesNum]];

 set<int> sectSet=v.Destinations();

 array<int> S(1,sectSet.size());

 i=1;

 while(!sectSet.empty())

   {

    k=sectSet.choose();

    sectSet.del(k);

    S[i++]=k;

   }

 for (i=1;i<=S.size();i++)

   {

    newCost[S[i]]=0;

   }

 for (j=1;j<=S.size();j++)

   {

    for(i=step_min;i<=VesNum-1;i++)

      {

       TVVessel& vi=mVes[v_order[i]];

       newCost[S[j]]+=mTrans(v_order[i],v_order[VesNum])*mDist(S[j],vi.Section());

       newCost[S[j]]+=mTrans(v_order[VesNum],v_order[i])*mDist(S[j],vi.Section());

      }

   }

 for (i=1;i<S.size();i++)

   for(j=1;j<=S.size()-i;j++)

     {

      if (newCost[S[j]]>newCost[S[j+1]])

        {

         int temp=S[j];

         S[j]=S[j+1];

         S[j+1]=temp;

        }

     }

 for (j=1;j<=S.size();j++)

   {

    if(mSect[S[j]].CanAccommodate(v))

      {

       if (transcost+newCost[S[j]]+remain_cost>min_cost)

          continue;

       Assign(v,mSect[S[j]]);

       cur_path[VesNum]=S[j];

       long int newRemain=remain_cost;

       for (q=VesNum+2;q<=step_max;q++)

          {

           newRemain-=mTrans(v_order[q],v_order[VesNum+1]);

           newRemain-=mTrans(v_order[VesNum+1],v_order[q]);

          }

       long int newTranscost=transcost+newCost[S[j]];

       AssignVesToSections( VesNum+1,newTranscost,step_min,step_max,newRemain);

       UnAssign(v,mSect[S[j]]);

      }

    else 

      {

       continue;

      }

   }   

}   
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