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OZET

Evrimsel Algoritma Kullanarak Probleme Ozgii Operatorler ile

Kutulama Probleminin Coziimii

Kutu paketleme problemi, literatiirdeki en 6nemli optimizasyon problemlerinden
biridir. Problem ¢ok cesitli ger¢ek yasam kullanimina sahiptir. Kutu paketleme
problemi NP-Hard smifina ait oldugundan, bu problemi farkli alanlarda kendi
avantajlariyla ¢c6zmek i¢in Onerilen bircok ¢6zliim vardir, ancak ¢ogu optimum ¢oziime

ulagamamustir.

Kutu paketleme probleminde, kutulara yerlestirilmesi gereken sinirli sayida obje
vardir. Her objenin kendi agirligr vardir ve her kutu smirl bir kapasiteye sahiptir.
Problemin temel amaci, tiim objeleri kutulara koyarken, kullanilan kutu sayisini en aza
indirmektir. Bu c¢alismada, tek boyutlu kutu paketleme problemini ¢ézmek i¢in yeni bir
havuz temelli evrimsel algoritma Oneriyoruz. Algoritma, problemin arama alani
arttirmay1 amaclayan havuz tabanli bir ¢aprazlama operatorii ve ¢aprazlama ¢ozimii
sonucunda olusan bireyde mevcut olan az kullanilmig kutular1 dikkate alarak ¢oziimiin
kalitesini iyilestirmeyi amaglayan yerel bir arama teknigini kullanir. Onerilen yontem,
kiyaslama problem kiimelerinden alinan orta ve zor drneklere uygulandi ve literatiirdeki
alt1 algoritma ile karsilastirildi. Deneysel sonuglarimiz, 6nerilen algoritmanin, saglanan
test vakalarinin ¢ogunda bu algoritmalardan Onemli Ol¢lide daha iyi performans

sergiledigini gostermektedir.

Temmuz, 2019 Tugba Zeynep YILDIZ
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ABSTRACT

Solving Bin Packing Problem with Problem Specific Operators Using

an Evolutionary Algorithm

Bin packing problem is one of the most important optimization problems from
the literature. The problem has a wide range of real life usage. Since bin packing
problem belongs to NP-Hard class, there are many heuristics proposed to solve this
problem with their own advantages in different domains, but most of them could not

reach the optimum solution.

In bin packing problem, there are finite number of items which must be placed
into bins. Each item has their own weight and each bin has a finite capacity. Main
objective of the problem is to place all items into the bins in a manner that minimizes
the number of bins used. This work proposes a novel pool-based evolutionary algorithm
for the solution of one-dimensional bin packing problem. The algorithm exploits a pool-
based crossover operator which increases the problem’s search space and a local search
method which tries to decrease the bin usage of the solution by considering
underutilized bins available in the offspring. The proposed method is applied to medium
and hard instances taken from benchmark problem sets and is compared with six
algorithms from the literature. Our experimental evolution indicates that the proposed

algorithm significantly outperforms these algorithms in most of the test cases provided.

July, 2019 Tugba Zeynep YILDIZ
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SYMBOLS

Li ;i item in the item list
c : fixed capacity for each bin
n : number of items

: Offspring
Bi : i bin in the individual
Wi : weight of i item

v



ABBREVIATIONS

ACS : Adaptive Cuckoo Search
AS : Ant System Algorithm
BPP : Bin Packing Problem
BFD : Best Fit Decreasing

DPBC : Dynamic Pool Based Crossover

EA : Evolutionary Algorithm

FA : Firefly Algorithm

FCO : Firefly Colony Optimization

ILWOA : Improved Lévy-Based Whale Optimization Algorithm
PBC : Pool Based Crossover

PBEA : Pool Based Evolutionary Algorithm

SA : Simulated Annealing

QICS : Quantum Inspired Cuckoo Search

WOA : Whale Optimization Algorithm

1-D BPP : One Dimensional Bin Packing Problem
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1. INTRODUCTION

Bin packing problem (BPP) is one of the most important optimization problems
from the literature. Bin packing problem is an NP-Hard optimization problem. It can be
applied to many real-life problems including industrial and logistic applications,
multiprocessor scheduling and cloud computing. Some of them are loading trucks with
weighted capacity constraints, layouts of computer chips, scheduling tasks, creating file
backups in media and technology mapping in Field-programmable gate array
semiconductor chip design. This list is very large and can be extended extremely. One
of the most applicable approach for solving bin packing problem is using evolutionary
algorithms.

In bin packing problem there are objects having different volumes, which must
be packed into bins. The aim is to fill the finite number of bins with the given objects in
a manner that minimizes the number of bins used. The main purpose of the problem is
to make efficient use of the space and time.

Given a set of items with different weights and an unlimited number of bins with
fixed bin capacity, the objective of the problem is to pack these items to minimum
number of bins such that the total weight of the items assigned to a bin does not exceed
the capacity of the bin. There are many variations of this problem such as 1D packing,
2D packing, 3D packing, regular or irregular packing, packing by cost, packing by
weight and so on.

Bin-packing is an NP-Complete [4] problem and many algorithms have been
proposed for the solution of the problem, the best results are obtained from hybrid and
heuristic algorithms.

There are also meta heuristics that have been proposed to solve the problem such
as ant colony optimization [7], cuckoo search algorithm [8, 12], firefly algorithm [11]
and whale optimization algorithm [1]. In this study we apply an evolutionary algorithm
to solve bin packing problem.

Evolutionary Algorithm (EA) is a heuristic based approach to solve problems
that can not be solved in polynomial time such as NP-hard problems. The underlying

idea behind evolutionary algorithm is that pressure on the population environment



causes the natural selection. It is also called as the survival of the fittest, which keeps
the best solution in the population by replacing one of the poor solutions. An EA
contains four base steps: initialization, selection, genetic operators and termination. For
initialization process, population which consists of individuals are built. It is often
created randomly, optionally if some prior-knowledge of the task is known, chosen
algorithms which are suitable for the optimization problem, can be used to create initial
population. Then in selection phase of EA, crossover between individuals is used to
increase quality by carrying best genes from one generation to the next. Mutation and
recombination are applied by genetic operators and they increase the diversity of the
population by changing the properties of the individuals. Process terminates when
satisfaction criteria or predefined number of iterations is reached. It provides the best

solutions (closer to optimum) by the advantage of survival of the fittest principle.

In this study, we propose an evolutionary algorithm for the solution of 1-D bin
packing problem by using many problem specific crossover operators and a local search
method. The main contributions of this study are: pool-based crossover operator which
targets to increase the solution’s diversity; local search method which targets to
decrease bin usage; intelligent packing by rearranging items in underutilized bins,
therefore increase performance and decrease bin usage. Our experimental study
indicates that it outperforms related studies from the literature for medium and hard

class instances.



2. RELATED WORK

Bin packing is an NP-Hard problem. It searches for a solution which ensures all
n items [ = {Ii, bo,..., In} are placed into minimum number of bins. In this study we
focus on one dimensional bin packing problem (1-D BPP). Items have different weights
Wi, Wa,...., wp. and all bins have fixed capacity c. It is assumed that all items have
lower weight than fixed bin capacity c. The aim of the algorithm is to place all items
into the bins in such a way that minimizes the number of bins used. Some applications
for 1-D BP are loading of containers like truck, placing data on multiple disks, job
scheduling and virtual machine (VM) placement on physical machines (PM).

There are many heuristics to solve BPP. [18], [19], [20]. There is a hybrid
genetic algorithm for solving the 1-D BPP which is applied to the virtual machine
placement in cloud [13]. Their hybrid genetic algorithm uses Best Fit Decreasing (BFD)
to eliminate infeasible solutions which are caused by their bin-used representation. They
applied their algorithm to find most suitable host for given virtual machines with
hardware and software requirements.

Tabu search algorithms [17] are also used to solve BPP. A two level tabu search
algorithm is proposed to solve 3D-BPP [14]. They presented two level tabu search,
where the first level reduces the number of bins used, second level aims to optimize
packing of bins.

Another different approach is called BISON [2], which combines two algoritms
which are tabu search and branch and bound, to solve one dimensional bin packing
problem.

The main reference for our algorithm is called Lévy-based whale optimization
algorithm (ILWOA) [1]. No-Free-lunch theorem in optimization says that there is no
algorithm to solve all optimization problems [15, 16]. But Whale Optimization
Algorithm (WOA) gives good results on combinatorial optimization problems. So they
adapt WOA to solve BPP. They proposed a new mutation phase to the WOA for
improving the convergence speed. Their experimental studies include the HARD dataset
of Scholl [2]. Their results obtained by using Hard instances, outperforms all algorithms

compared so far.



Since Bin Packing problem belongs to NP-Hard class, many evolutionary
algorithms are proposed for solution. EA is a very commonly used algorithm to solve
NP-Hard optimization problems.

Evolutionary algorithm is a heuristic based approach which can be applied to
solve problems that can not be solved in polynomial time. In other words, there are
many problems that exact algorithms are inadequate to solve, for these cases
evolutionary algorithms can be able to find optimum solution. They can find optimal
starting point faster than exact algorithms. Since bin packing problem is an NP-Hard
problem, EA can be used to solve it.

The concept of EA is very similar to natural selection. EA consists of four main

stages; initialization, crossover, mutation and selection. Figure 2.1 shows the overall

‘ Initialization \

steps of EA.

Crossover

[ Selection ]
h
Y
4@
‘ Termination \

Figure 2. 1 — Overall steps for EA flow

Initialization is the stage where population is created randomly or by using an
algorithm. In order to create initial population, a finite number of solutions to the
problem are generated. These solutions are called individuals. Individual creation is
usually done randomly. But in some cases, we have a prior knowledge about problem
specific situations. For these cases, individuals are created by using problem specific
information. Each individual created are appended to the initial population. Initial
population represents the gene pool. So the more different genes we have, the higher the

exploration of the possible solutions.



Selection can be examined in two separate parts. First one is the parent selection
for crossover which is done randomly in most of the cases. Two individuals are selected
as parent for the crossover operation. Second selection is known as the survival
selection. After crossover and mutation, a newly created individual is obtained. We
have to decide if the offspring is better than its parents or not and also decide whether
offspring will be replaced with one of its parents or not. To select survivor gene, fitness
function must be defined. Fitness value measures the quality of solutions in population,
defined by considering problem specific parameters and measurements. Evaluating
fitness value plays very important role in selection stage in EA. In most of the cases, if
offspring has better fitness value, it will be replaced with the parent having the worst
fitness value. Otherwise population will not include the newly created offspring, since it

provides no improvement.

In EA, we have two genetic operators, crossover and mutation. For crossover after
the parents are selected, the characteristics of them will be used to create the offspring.
While producing offspring, existing genetic information from both parents are used and
protected in one level, on the other hand a different offspring will be created with
different genetic sequencing. All genes of the offspring are coming from one of the
parents, and the genes coming from different parents provides diversity. There are some

classical crossover operators that can be applied to any problem.

Mutation is the phase that changes the solution of the offspring to obtain a
different solution. It increases diversity of the solutions and extends the solution space
generally. Mutation is applied with some probability in EA, and is not essential to be

defined in every EA.

Termination step includes a termination criteria which indicates when to stop the
algorithm. It can be predefined as maximum number of iterations, or can be defined as
threshold performance, when there is no improvement observed since past predefined

steps.



3. PROPOSED WORK

In our approach, the stages we used are; initialization of population, crossover,
local search and selection. In our algorithm Pool Based Evolutionary Algorithm,
crossover is designed to increase diversity of solutions and extends the search space,
local search improves the solution quality by considering the utilization of bins. Figure

3.1. shows the flow of PBEA and Figure 3.2 explains overall flow of PBEA.

‘ Initialization \

Crossover

[ Selection ]
A
Y
4‘ Local Search
‘ Termination \

Figure 3. 1 — Overall steps for Pool-Based Evolutionary Algorithm

At the beginning of PBEA, we have items denoted by i, number of iterations
represented with iteration, population size as pop_size, crossover type denoted as ct and
fixed bin capacity which is c. First initial population is created, two parents are selected
randomly for predefined number of iterations. According to the specified crossover
strategy, crossover operator is applied to generate a new offspring from the selected

parents.

Input: Items i, number of iteration iteration, population size pop_size, crossover type ct, bin capacity c
Output: Population P

1. P < initialize population (pop_size, i, c)

2. for i < 0 to iteration do

3 Select two parents randomly Si1and Sz from P.
4 Find crossover strategy according to ct

5. Sc «— crossover_operation ( Si, S2)

6. Simproved <— local_search ( Sc)

7 survival_selection (Si1, Sz, Simproved)

8 P « update_pop ()

9. end for

Figure 3. 2 — Main Scheme of Pool-Based Evolutionary Algorithm




Generated offspring will be improved by local search. We did not define a
probability to apply local search, at each iteration local search will be applied to the
offspring. Then depending on the quality of the solution produced by local search, either
one of the parents or the offspring is selected to be placed to the population.

3.1.  Population Initialization

At the beggining of PBEA, we have to create initial population containing initial
solutions which have a number of bins and included items in each bin. List of items are
taken as a parameter in the population initialization algorithm and are read from an
input file. Fixed capacity for each bin is also taken from the input file. Population size is
determined by user input. For most of our test cases, we specify population size denoted
by & to be 100. Initial population P has predefined number of individuals represented as

P={S1, Sy, ..., Sk}.

Figure 3.3 indicates creation process of initial population. There is another function
mentioned in Section 3.2 which is called from population initialization, to create each

individual in the population.Each individual is a solution for BPP.

Input: Items i, size of population k, bin capacity ¢

Output: Initial population .P which is a list of k number of individuals
Initialization: P —

1. fort«1tokdo

2. Create a new individual St: St «<— create_individual (4, ¢ )
3. Put SiinP: P«—PUS:
4. end for

Figure 3. 3 — Population Initialization

3.2.Individual Representation

Individual can consist of varying number of bins and each bin can include varying
number of items as long as they do not exceed the bin’s capacity. Individual

representation is shown in Figure 3.4.

] 1 2 3 4

712 0’1 8,3 6 4 5

wn

Figure 3. 4 — Individual Representation

Individual is a list of bins and each bin is a list of items. Bins have indices and items

have names as numbers in most of the cases.




3.3.O0ffspring Creation

Offspring creation algorithm is used to create each individual in the population.
Figure 3.5 shows the scheme of the algorithm. Every time it is called, the list of items is
the same. To increase diversity of individuals in population, items are shuffled first.
While iterating over items, algorithm searches backwards to find a suitable bin for the
current item. If it is found, the item will be placed into the bin, otherwise a bin will be
created and the current item will be placed into newly created bin. At each iteration,

algorithm can create at most one bin.

Input: Items items, Bin capacity c
Output: Offspring S : S = {Bo, Bi,..., Bn } where B is newly created bin.
1. bins —
2.Shuffle items to change the default ordering, and provide randomness to offspring will be created
2. for item in items do
bin « best fit ( bins, item ) Find bin that is most suitable for current item, if any exists
if not bin do
Create new empty bin : bin <+ Q
Put bin in bins: bins « bin U bin
end if
Put jtemin bin: bin < bin U item
9. end for
10. Create new individual as S: S « bins

XN W

Figure 3. 5 — Offspring Creation

Offspring creation includes Best Fit (BF), best_fit function, which intends to
find the most suitable bin for the current item. Function takes list of bins created in
offspring so far and the current item. BF checks whether any space left into the bins
which is large enough to put given item. If BF founds more than one bin which satisfy
criteria, free space comparison is made between available bins. We iterate over bins and
calculate the space will be left when item placed into the each bin. As a result of
calculations if we found a bin which item fills all free space of bin and there will be no
more free capacity left when item put into, we will select that bin to place item. Else we
select the bin which will have minimum area left when item is placed into. This logic
based on the idea; we must increase the utilization of bins as much as we can and also
we must fill the bins such a way that bin will be fully utilized. If the function couldn’t

found any bin which current item can be placed into, returns none.




3.4. Pool Based Crossover Operator

In EA crossover is an reproduction operation similar to the biological crossover.
More than one parent are selected, and one or more offspring will be created by using
parent chromosomes genetic materials. Most of genetic algorithms apply crossover with
a predefined probability. There are many applicable types of crossover operation and
also there can be many proposed problem specific crossover logic. For our work we
prefer to propose different crossover algorithm rather than using classical crossover
types. At each iteration two parent selected randomly, and crossover applied with using

these parents.

In this study we apply pool based crossover with considering varying number of
bins. Two parents are selected and an empty pool is initiated. In every iteration of
crossover, items which belong to selected bins from parents, are moved to pool first.
These items will be placed to offspring’s bins, if it is possible, otherwise they remain in
the pool. We defined a constraint while placing the items in pool, that is, at most one

new bin can be created in one iteration of crossover.

Starting from the first item in pool, for each item we try to place item to bins of
the offspring. If item can be placed existing bin of offspring, it is placed. If item can not
be placed any bin of offspring and no bin created in current iteration of crossover, a bin
will be created and item will be placed in this bin. If item can not place any bin of
offspring, a bin was also created in this iteration, another bin isn’t created and item will
remain in pool. In next iteration of PBEA new items from newly selected bins from
parents will be merged with remaining items in pool. The operation goes on like this.

Using pool provide us to benefit of larger search space while creating the offspring.



Input: Two parent chromosome P1 = {Bo!, Bi!,...,.B«!} and P> = {Bo?, Bi?,...,B«*} , boolean sort,
boolean must shuffle, boolean max_first, boolean average, boolean discharge pool
Output: Offspring S : S = {Bo, Bi,..., Bk} where B is newly created bin.
1. pool — Q

2. child_bins « 8

3. while not stop_criteria ( P1, P2 ) do

4. bin_per_step « 0

5. partitionl « select_bin (P1, max_first, max_average)

6. partition2 « select_bin (P1, max_first, max_average)

7. if discharge_poolor pool do

8. discharge_pool ( pool, child_bins)

9. endif

10. items « Merge items in partition1 and partition2

11. for each item in items do

12.  Putitem into pool: pool « pool U item

13. end for

14. if sortdo

15.  sort_by_weight ( pool)

16. endif

17. if must shuffledo

18.  shuffle ( pool)

19. endif

20. placed « Q

21. for each item in pool do

22.  Remove item from P1: P1< P1/item

23. Remove item from Pz : P2« P2 /item

24.  bin « best_fit ( child_bins )

25.  if not bin and not bin_per_step do

26. Create anew bin for offspring. Bin «
27. bin_per_step « bin_per_step + 1

28. endif

29. elseif not bin and bin_per_step do

30. continue

31. endelseif

32. Place item into the bin : bin « bin U item
33. ifbin notin child_bins do

34. child_bins « child_bins U bin

35. placed « placed U item

36. endif

37. end for

38. Remove items that in placed list, from pool
39. end while

40. Create offspring S « child_bins

41.Return S

Figure 3. 6 — Pool-Based Crossover Operation

Figure 3.6 shows pool based crossover algorithm. We proposed different
versions of Pool Based Crossover. The difference between versions originate from bin

selection in parents and pool ordering.
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3.3.1. Shuffle Crossover

Pool Based Crossover operator has a parameter named must shuffle. This
parameter indicates whether the pool will shuffle or not. If value is true, in each
iteration of crossover, pool is shuffled before placing items to the offspring. Shuftling
increases the randomness and it prevents to stack the local optima. In shuffle crossover,
item distribution in offspring is very diverse. Diversity in offsprings provides larger

search space for local search algorithm which improves the solution quality.

34 5 o6 7 8
12 11 10 11 9

Figure 3. 7 — Items and weights combinations for schemes shown in Figure 3.8, Figure

3.9, Figure 3.10

At each step, one bin from S; and one bin from S are selected randomly. These bins
and the items in these bins are assigned as selected and will not be used by the crossover
operator again. All the items that are present in the selected bins are combined with the
items in the pool and are shuffled for increasing the solution’s diversity. The items in
the pool are then placed into the bins of the offspring one by one. For each item x, there
is a back search operation which visits the bins currently available in the offspring one
by one. Starting from the first bin Bo to Bi-; if there is any bin B; which has free space
that is equal to or greater than the weight of the item x, than this item is deleted from the
pool and is placed to B;. If no such bin can be found, item x is placed (if there is enough
space) to B; that is generated in the offspring during the current step. Once an item is
placed to one of the bins in the offspring, the free space of the corresponding bin is also
updated. If item x can not be placed to any bin, then it is kept in the pool to be placed to
one of the bins created in the next steps. Figure 3.8 shows the working principle of the
crossover operator which is applied to the selected parents. Item weights used in this

example are shown in Figure 3.7. The capacity of the bins are 14.

11
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Figure 3. 8 — Shuffle Crossover Example
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Two partitions from the parents are selected on a random manner as Bs' and B3?
and items Is and I; in these bins are combined in the pool. The items in the pool are
shuffled and the first bin having free space of 14 is generated as By. Since the weight of
the first item Is in the pool is less than the free space of Bo, s is deleted from the pool
and is placed to Bo and free space of By is updated to 3. The algorithm tries to put the
second item I; having a weight of 7 to Bo , but there is no enough space to store this
item in Bo , so it is kept in the pool. In the second step, Bo! and B4? are selected
randomly and the items Iz, I7 and Is in these bins are combined with the items in the
pool. The pool is shuffled again and B having a capacity of 14 is generated. The first
item I is placed into the newly generated bin B, of the offspring. The free space of B; is
updated to 7. The weight of the second item I> in the pool is equal to 3, with the back
search operation, it is placed to Bo which makes By fully utilized. The algorithm tries to
place items I; and Ig into Bi, but the weights of these items are greater than the free
space available in Bi, so they are kept in the pool. In the third step, Bs' and Bo? are
selected randomly and the items I4 and Is in these bins are combined with the items in
the pool. After the pool is shuffled, 14 is placed to the newly generated bin By. In the last
step, B2! and B,? are selected randomly and all items are thrown into the pool. Again the
pool is shuffled and I is placed into B; by using the back search operation, whereas I¢ is
placed to the newly generated bin Bs. At the end of the this step, all partitions of the
parents become empty, so the crossover operator only considers the items in the pool.
Since a back search operation has been performed on all items before, a new partition
B4 is generated to place these items. Io and Ig is put into B4 and for the remaining item I7
bin Bs is created. The crossover operator continues until all items in the pool are placed

into one of the bins.

3.3.2. Keep as is Crossover

By this manner, items in pool are not shuffled, and they may be nearly sorted,
since items in bin nearly sorted. There are two bins at each iteration, one of them comes
from first parent and the other one comes from the second parent. There may be another
items in pool which can not placed at previous iterations of crossover. All items in pool
is ordered by their addition time. First remaining items from previous iteration, than

items of first parent’s selected bin, and then items of second parent’s selected bin. This
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order in pool is not changed in any iteration. Figure 3.9 shows the working principle of

keep as is crossover.

3.3.3. Sorted Crossover

Pool Based Crossover Operator has another parameter that named sort. It
indicates whether the pool will be sorted or not. Items in pool is sorted by descending
order according to their weights. The logic behind sorting is the same with the logic of
algorithm which used to create initial population. Items with higher weight have less
change to add any underutilized bin, since the free space of bin may not large enough to
place high weighted item. Sorted Crossover decreases randomness, bu it produce better
solutions than the others. Since the best movement is preferred in every step, it can be
stack in local optima. By applying sorted crossover, offspring includes consecutive bins
which have sorted items by weight in ascending order. Figure 3.10 shows the working

principle of sorted crossover.
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Figure 3. 9 — Keep as is Crossover Example
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Figure 3. 10 — Sorted Crossover Example
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3.3.4. Sorted Max First Crossover

There is another parameter named max_first which relates to bin selection in
crossover. If this parameter is true, bin that includes maximum weighted item will be
selected from both parents in each iteration of crossover. It is the same logic with the
algorithm which used to create initial population. By this method, items that have higher
weights, can catch higher change to be placed earlier. SMF Crossover has the same

algorithm with Sorted Crossover, but the bin selection priority differs.

3.3.5. Sorted Average Crossover

There is an additional parameter named average which relates to bin selection
too. If value is true, bin which have the maximum weights in average will be selected
from both parents. For all bins in both parent, average of weighs of items is calculated.
Then according to calculated averages, bins will be scored in direct proportion. Highest
scored bin will be selected from both parents in each iteration of crossover. SA
Crossover is the same algorithm with sorted crossover too, but has an addition

consideration in bin selection.

3.3.6. Sorted Discharged Pool Crossover

There is another parameter to discharge the pool. If the pool exceeds or equals
the predefined capacity, it will be discharged by creating another bin in offspring, and
some items in pool will be placed to the newly created bin in offspring. Discharging in

applied on Sorted Crossover.

3.5. Local Search

Instead of searching the whole solution space, searching a sample from solution
space is faster way to reach better solution. Solution found may not be the global optima
but, it is more practical way to improve existent solutions. Local Serach algorithms
based on this idea. Local Search means that the new solution is searched in a

neighborhood of the current solution.

In our approach, we proposed a local search algorithm that aims to minimize the

number of bins used, by the way it prevents nearly fully utilized bin’s content. First of
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all we define a underutilization threshold to improve underutilized bins and prevent
utilized ones. This threshold defined parametrically. Accortding to the results of most of
test cases, we specified threshold as %10 for HARD [2] dataset instances. This means

bins that has lower utilization than predefined threshold is used in local search.

At the end of crossover operation, some bins in the offspring are fully utilized
such as Bo and B4 as given in Figure 3.8 so there is no need to touch these bins. Local
search tries to decrease the number of bins used in the offspring by exchanging
information stored in underutilized bins. In order to decrease the number of bins, the
total number of items placed into a bin should be increased, so the items that should be
considered in the local search phase should have as low weight as possible. Local search
phase selects underutilized bin pairs in the offspring and combines the items in these
bins to form new bins. When the items from two bins are combined, a more intelligent
method than shuffling is used which places the items with the highest weight to the new
bin. The items with the lowest weight are thrown to the pool to increase the chance of
placing more number of items into the same bin. When all underutilized bins are
recombined and the bins in the offspring has been changed, the local search phase ends
and the offspring is successfully generated. Local search technique does not always
guarantee to decrease the number of bins used in the offspring but it guarantees to
increase the utilization of the underutilized bins which increases the chance to find a
better solution in the next iterations. Figure 3.11 shows the overall local search

operation flow.

Input: An offspring So= {B: Bo, .., B}

Output: An offspring So= {B1 B, .., B}

Initialization: An empty pool Pool — Q

1. improved < So

Find underutilized bins of offspring So underutilizeds < find underutilizeds ( improved )
terminate < False

while not terminate do

Merge 2 underutilized bins to create new partition which is more utilized and add remaining elements
to the pool : partition, pool « partition_reduction (underutilizeds)

6. if not underutilizeds do:

7. terminate < True

8. Merge pools to create new partitions partitions, pool «— pool reduction (underutilizeds)
9. return improved

S RN

Figure 3. 11 — Local Search Operation

Figure 3.13 shows an example local search scenario applied to the underutilized
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bins of an offspring. In this example, actual data taken from HARDO instance of hard
data sets [2] is used. The weights of the items are divided by 1000 and rounded to
increase readability as shown in Figure 3.12. This simple example also shows that the
local search technique is able to decrease the total number of bins used in the offspring
by 1. The capacity of each bin is 100 and the bins which have utilization less than 90%

are considered in this phase.

Item 5 7 19 40 41 47 54 55 57 70 93 96 111 121 124 129 132 134 148 158 159 160 186 190
Weight 35 34 33 32 31 31 30 30 30 29 28 27 26 26 26 25 25 25 24 23 23 23 21 21

Figure 3. 12 — Weights of items used in Local Search

The first underutilized bin pair deleted from the offspring is Bi1 and Bis. The
items that have the highest weight in these bins are Is, I47 and Iso so they are used to
generate the first partition P;. The remaining items Ili24 , L1290 and ligs having lower
weights are thrown to the pool. Likewise B9 and Bi are combined, P> is filled with
items I7, I41 and Ios having highest weight. The items with lower weights are thrown to
the pool. P; and P4 are generated by using bin pairs Bzs and B3z, B47 and Bsi. All the
underutilized bins have 3 items, so does the newly generated partitions P1-P4 . Also the
utilization of the partitions are higher as compared to the selected bins. All remaining
items that have not been placed to a partition are available in the pool and we know that
the weights of these items are lower, so the pool increases the chance to generate
partitions that hold more items. Our algorithm initially selects the items with the highest
weight from the pool. 111, 121 and 124 are placed to Ps and there is still 22 free space in
Ps. The next item with the highest weight is 129 but it has a weight of 25, so it can not
be placed to this partition. Our algorithm applies best fit in this case to see if there is an
item in the pool that has a weight equal to the free space available in the partition. If so,
it selects that item, removes it from the pool and puts it to the partition. If there is no
such item having an equal weight, than it selects the item which has a lower but closer
weight. Iig6’s weight is 21, so it is placed to Ps. Partitions Ps and P7 are generated by

using the same procedure.

19



The newly generated partitions Ps and P is nearly fully utilized and all newly
generated partitions have 4 number of items, which decreases the total number of bins
used in the offspring by 1. At the end of local search phase, the newly generated

partitions are replaced to the underutilized bins in the offspring.

free space : 15

Bin11 | 129, 47,70
free space : 5
5,47, 70 |
free space: 18 . Partition 1
Bin 15 124,186, 5 /
124,129, 186
Pool

free space : 17

Bin 20 41,96, 134 l
\5 free space : 8
7,41.% ] free space : 0

Bin 21 159,148, 7 [ Pani;ion 5
Pool 124,129, 186 free space : 12
134, 148, 159,
121,132, 160,
free space : 16 111, 158, 190 Partition 6
Bin 25 121, 93, 55 | Pool free space : 0
o e 2
\ﬂ 15,5.9 | Partition 7

free space : 19 Partition 3
Bin32 | 132,160, 19 ]
Pool
free space : 17
Bin 47 57,190, 40
free space : 8
40, 57,54
free space : 21 Partition 4
Bin 51 111, 158, 54 |

111, 158, 190

Pool

Figure 3. 13 — Local Search Applied to the underutilized bins of an offspring
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3.6. Placement of The Offspring In the Population

At the end of each iteration, we decide whether offspring must join population or
not. This decision made by comparing fitness value of both parents and offspring. The
worst one excluded from population. If the offspring provides improvement relative to
its parents, it will be replaced with worse parent. The replacement process is detailed in

Figure 3.13.

Input: 1% parent S1, 2" parent S», the offspring So

Output: Update population Pop

1. Calculate the fitness values of So, S1 and Sz according to the function in Section 2.7
2. if fitness(So) > fitness(S1) then

3 Replace So with S1: Pop < Pop U So/ S1
4. else

5 Replace So with Sa: Pop < Pop U So/ Sz
6. end if

Figure 3. 14 — Placement of the Offspring
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4. EXPERIMENTAL STUDY

In this section we provide and run test cases to measure performance of our
algorithm. In the first set of tests, the performance of our algorithm compared with
Adaptive Cuckoo Search Algorithm (ACS) [12], firefly colony optimization algorithm
(FCO) [7], quantum inspired cuckoo search algorithm (QICS) [8], firefly algorithm
(FA) [11], ant system algorithm (AS) [6] and improved Lévy-based whale optimization
algorithm (ILWOA). In the second set of tests we measured the performance of our
algorithm without comparing any other algorithm for all medium dataset taken from
benchmark [2], since we have not found any algorithm that run tests all medium class
dataset, so far. The last set of tests, we showed the performance of our algorithm using
two variations of the pool-based crossover only and crossover combined with local
search on hard class instances. For all of the experiments, the results given for each

instance is the best result obtained in 10 runs.

Instance N Cap Best QICS ACS FCO FA AS ILWOA PBEA

N1W1B2R1 50 1000 17 |17 17 17 17 18 17 17
N1W1B1R9 50 1000 17 18 17 17 17 17 17 17
N1W1B1R2 50 1000 19 20 19 19 20 20 19 19
N1W1B2R0 50 1000 17 18 17 18 18 18 17 17
N1W1B2R3 50 1000 16 17 17 17 17 17 17 17

N2W1B1R0O 100 1000 34 36 34 35 35 37 34 34
N2W1B1R3 100 1000 3¢ 37 35 36 36 36 35 35
N2W1B1R1 100 1000 3¢ 37 35 36 36 36 35 35
N2W1B1R4 100 1000 34 37 34 35 35 35 34 34
N2W3B3R7 100 1000 13 13 13 13 13 13 13 13
N2W4B1R0 100 1000 12 12 12 12 12 12 12 12
N4W2B1R0 500 1000 101 109 105 106 106 107 105 104
N4W2B1R3 500 1000 100 108 104 105 105 106 104 103
N4W3B3R7 500 1000 74 74 74 74 74 74 74 74
N4W4B1R0 500 1000 56 58 57 57 57 58 57 57
N4W4B1R1 500 1000 56 58 57 58 58 58 57 57

Figure 4. 1 — Experimental results of medium class dataset

The medium class instances contain 50 to 500 items whose weights are between 10-500.
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These items should be assigned to the minimum number of bins each having a capacity
of 1000. Figure 4.1 shows the performance of the proposed work and the algorithms
that are selected from the literature for 16 medium class instances. Our algorithm
outperforms all of the given algorithms in 2 instances, and obtains the same
performance with ACS and ILWOA in 14 instances. In 9 instances, our algorithm

obtained the best known bin value.

Instance N Cap  Best QICS ACS FCO FA AS ILWOA PBEA

HARDO 200 100,000 56 59 58 59 60 59 58 57
HARD1 200 100,000 57 60 59 59 60 60 59 58
HARD2 200 100,000 56 60 59 59 61 60 59 58
HARD3 200 100,000 55 59 58 59 60 59 58 57
HARD4 200 100,000 57 60 59 60 61 60 59 59
HARDS5 200 100,000 56 59 58 59 60 59 58 58
HARD6 200 100,000 57 59 59 59 61 60 59 58
HARD7 200 100,000 55 59 58 58 59 59 57 57
HARDS8 200 100,000 57 59 59 59 61 60 59 58
HARD9 200 100,000 56 59 59 59 60 59 59 58

Figure 4. 2 — Experimental results of hard class dataset

There are 10 large class instances that contain 200 items. The weights of these items are
between 20,000 and 35,0000 and the bin capacity is 100,000. Figure 4.2 shows the
performance of the proposed work and the algorithms that are selected from the
literature for 10 hard class instances. Our algorithm outperforms all the given
algorithms in 7 instances and gives the same performance with ACS and ILWOA in 3
instances. Although we are very close to the best known bin value for hard instances,

unfortunately our algorithm was not able to produce the best known result.
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Table 4. 1 — Experimental results of medium class dataset

DATASET OPTIMUM PBEA
NI1WI1BIRO 18 19
NI1WIBIRI1 18 19
NI1WIBIR2 19 19
N1WI1BI1R3 18 18
NI1WI1BI1R4 17 17
NI1WIBIRS 17 17
N1WI1BIR6 17 18
NI1WIBIR7 17 18
NI1IWIBIRS 18 18
NI1WIBIR9 17 17
N1WI1B2R0O 17 18
NI1WIB2R1 17 17
N1WI1B2R2 17 17
N1WI1B2R3 16 17
N1WI1B2R4 17 18
NI1WI1B2R5 17 17
N1WI1B2R6 17 17
N1WI1B2R7 18 18
NI1WI1B2R8 16 17
N1WI1B2R9 18 18
N1WI1B3RO 17 17
NI1WIB3RI1 17 18
N1WI1B3R2 15 15
N1WI1B3R3 16 17
N1WI1B3R4 19 19
NI1WIB3R5 16 16
N1WI1B3R6 16 16
N1WI1B3R7 18 19
NI1WI1B3R8 16 16
N1WI1B3R9 17 17
N1W2B1R0 11 11
N1W2BIRI1 11 11
N1W2B1R2 11 11
N1W2BI1R3 11 11
N1W2B1R4 11 11
NI1W2BIRS5 10 10
N1W2B1R6 11 11
N1W2BI1R7 11 11
NI1W2BI1R8 10 11
N1W2B1R9 11 11
N1W2B2R0 10 10
N1W2B2R1 11 11
N1W2B2R2 10 10
N1W2B2R3 11 11
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Table 4. 2 — Experimental results of medium class dataset

DATASET

OPTIMUM

PBEA
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10

10
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10

11
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10

10

N1W2B2R7

10

10

N1W2B2R8

11

11

N1W2B2R9

11

11

N1W2B3R0O

10

10
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11

11
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10

10
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11

11

N1W2B3R4

10

10
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N1W2B3R6

11

11

N1W2B3R7

10

10

N1W2B3R8

11

11

N1W2B3R9

10

10

N1W3BI1RO

~

(0/¢]

N1W3BIRI1

N1W3B1R2

N1W3BI1R3

N1W3B1R4

NI1W3BIRS5

N1W3BI1R6

N1W3BI1R7

NI1W3BIR8

N1W3BI1R9

N1W3B2R0

N1W3B2R1

N1W3B2R2

N1W3B2R3

N1W3B2R4

N1W3B2R5

N1W3B2R6

N1W3B2R7

N1W3B2R8

N1W3B2R9

N1W3B3R0

NI1W3B3RI1

N1W3B3R2

N1W3B3R3

N1W3B3R4

N1W3B3R5

N1W3B3R6

N1W3B3R7

(o AN RN Rle Ao AN R ARENEo e o dic AENEENEENEIc Rl lioolic R ENEIe o cliclioclicNENENoel

OO0 QO[O0 [J[(CO[Q[(CO[(C0[CO[0 (V| QA [ A0 |0 |0 |XR|R0|X0|0|0 |0 |0 |00

25




In Table 4.1, Table 4.2 results obtained from medium class dataset [2] with
running our PBEA and optimum values can be reached are shown. There are 480
instances in medium class, and according to our test results we can reach optimum
solution in 261 cases. For the rest 219 cases, we are not able to find optimum solutions,

even though we are very close. Whole experiment results presented in Appendix 1-

Table 1.

Crossover Only | Crossover + LS
Dataset | Sorted Shuffle | Sorted Shuffle
HARDO 59 59 58 57
HARDI1 60 60 59 58
HARD?2 60 60 59 58
HARD3 59 59 58 57
HARD4 60 60 60 59
HARDS5 59 59 59 58
HARDG6 59 60 59 58
HARD7 58 58 58 57
HARDS 60 60 59 58
HARD?9 59 60 59 58

Figure 4. 3 — Performance of the operators on hard class dataset

In the last set of tests, the performance of the operators proposed in our algorithm is
evaluated. We have conducted tests on 10 hard class instances as given in Figure 4.3.
There are two versions of the pool-based crossover operator which vary in the selection

of the items in the pool to be placed to the bins. First crossover operator sorts all items
in the pool from highest to lowest weight, whereas second operator shuffles the items in
the pool as described in Section 3.3. The first crossover type uses a sorted list, so it first
tries to place highest weight items to the bins and then tries the other items. Generally, it
outperforms the second crossover type because placing heavier items to the bins first is
a smarter decision since there will always be much space for lighter items as compared

to heavier items. This sorting operation decreases the search space so when combined
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with local search, it shows worse performance as compared to shuffling. The pool-based
crossover operator using shuffle may not be the best choice when considered alone, but

with a combination of the local search operator, it gives the best results.
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5. CONCLUSION

In this study, we propose a novel pool-based evolutionary algorithm that solves the
one-dimensional bin packing problem. We have designed the pool-based crossover
operator to increase the diversity and local search method which decreases the bin usage

of the solution.

We also proposed six different versions of pool based crossover operator to make
performance comparison between them. If we only consider about crossovers without
local search, experimental results shows the best pool based crossover type is sorted
crossover. But we clearly notice that, the solutions generated by sorted crossover
converges at some point and, due to the sort operation, items are listed consecutively in
bins. It is unwanted situation for the further improvement of offspring. Since local
search applied only underutilized bins and to get the best performance we need to
increase diversity of items included by bins. So we test the performance of all crossover
types with using local search too. The results certainly shows local search with shuffle
crossover operator has the best performance since shuffle crossover produces more
varied solutions, and provides a larger search space for the local search. Then Local
search can make the expected improvement on the offspring. At the other hand sorted
croosover types generate less varied more ordered solutions, as a result of this, local
search owns narrower search space. We clearly observed the best performance with
using shuffle crossover with local search. So the rest of experimental study is complete

by using shuffle crossover and local search pair.

The experimental study shows that the proposed work has better perfromance than

six algorithms from the literature when the total bin number in use is considered.
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6. FUTURE WORK

Our algorithm produce solutions so close to the optimum. We planned to propose
different local search methodology, to obtain optimum solutions, especially on Hard
dataset [2]. Newly designed local search algorithm will focus on grouping items
according to their weights while replacing them. There will be two weight class, heavy
and light. Items that has middle weight according to the average weight of item
population can included by any class, heavy or light, it will not matter for us. By
considering the weight classes we generate a pool and try to increase utilization of light

class, by replacing items with heavy class.

We think that there is no need left to generate another crossover type to improve our
solution. Instead of this, we prefer to improve our local search algorithm or propose
another local search which will be applied according to some probablity. When we
evaluate offsprings generated by local search, it is shown that there are still minor

improvements to reach the optimum solution, by doing little movements.
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8. APPENDICES

Appendix 1-Table 1 — Whole experimental results of medium class dataset

DATASET OPTIMUM PBEA
N1WI1BI1RO 18 19
NIWIBIRI 18 19
NI1WI1BIR2 19 19
NI1WIBIR3 18 18
N1WI1BI1R4 17 17
NIWIBIRS 17 17
NI1WI1BI1R6 17 18
NI1WI1BIR7 17 18
NIWIBIRS 18 18
N1WIBIR9 17 17
N1WI1B2R0O 17 18
N1WI1B2R1 17 17
N1WI1B2R2 17 17
N1WI1B2R3 16 17
N1WI1B2R4 17 18
NI1WI1B2R5 17 17
N1WI1B2R6 17 17
N1WI1B2R7 18 18
NI1WI1B2R8 16 17
N1WI1B2R9 18 18
N1WI1B3R0O 17 17
NI1WI1B3RI1 17 18
N1WI1B3R2 15 15
N1WI1B3R3 16 17
N1WI1B3R4 19 19
NI1WIB3R5 16 16
N1WI1B3R6 16 16
N1WI1B3R7 18 19
NI1WI1B3R8 16 16
N1WI1B3R9 17 17
N1W2B1R0 11 11
N1W2BIRI1 11 11
N1W2B1R2 11 11
N1W2BI1R3 11 11
N1W2B1R4 11 11
NI1W2BIRS5 10 10
N1W2B1R6 11 11
N1W2BI1R7 11 11
NI1W2BI1R8 10 11
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N1W2BI1R9 11 11
N1W2B2R0 10 10
NI1W2B2R1 11 11
N1W2B2R2 10 10
N1W2B2R3 11 11
N1W2B2R4 10 10
N1W2B2R5 10 11
N1W2B2R6 10 10
N1W2B2R7 10 10
N1W2B2R8 11 11
N1W2B2R9 11 11
N1W2B3R0O 10 10
N1W2B3R1 11 11
N1W2B3R2 10 10
N1W2B3R3 11 11
N1W2B3R4 10 10
N1W2B3R5 10 10
N1W2B3R6 11 11
N1W2B3R7 10 10
N1W2B3R8 11 11
N1W2B3R9 10 10
N1W3BI1RO 7 8
N1W3BIRI1 8 8
N1W3B1R2 7 8
N1W3BI1R3 8 8
N1W3B1R4 8 8
N1W3BIRS5 8 8
N1W3BI1R6 8 8
N1W3BI1R7 8 8
NI1W3BIR8 7 8
N1W3BI1R9 8 8
N1W3B2R0 8 8
N1W3B2R1 8 8
N1W3B2R2 8 8
N1W3B2R3 7 7
N1W3B2R4 7 7
N1W3B2R5 7 7
N1W3B2R6 8 8
N1W3B2R7 8 8
N1W3B2R8 8 8
N1W3B2R9 8 8
N1W3B3R0 7 7
NI1W3B3RI1 8 8
N1W3B3R2 7 7
N1W3B3R3 8 8
N1W3B3R4 8 8
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N2WI1B2R1 33 34
N2W1B2R2 35 36
N2W1B2R3 35 36
N2W1B2R4 33 34
N2WI1B2R5 34 36
N2W1B2R6 35 36
N2W1B2R7 33 34
N2WI1B2R8 34 36
N2W1B2R9 33 34
N2W1B3R0O 35 36
N2WI1B3R1 32 33
N2W1B3R2 35 36
N2WI1B3R3 33 33
N2W1B3R4 34 34
N2WI1B3R5 34 34
N2W1B3R6 31 32
N2W1B3R7 30 31
N2WI1B3R8 34 34
N2W1B3R9 29 30
N2W2B1R0 20 21
N2W2BIRI1 20 21
N2W2B1R2 21 21
N2W2B1R3 21 21
N2W2B1R4 21 21
N2W2BIRS5 21 22
N2W2B1R6 21 21
N2W2B1R7 21 21
N2W2BI1R8 21 21
N2W2B1R9 20 21
N2W2B2R0 21 22
N2W2B2R1 21 21
N2W2B2R2 21 21
N2W2B2R3 22 22
N2W2B2R4 22 23
N2W2B2R5 20 21
N2W2B2R6 21 21
N2W2B2R7 20 20
N2W2B2R8 21 21
N2W2B2R9 20 21
N2W2B3R0 21 21
N2W2B3R1 20 20
N2W2B3R2 21 21
N2W2B3R3 19 19
N2W2B3R4 21 21
N2W2B3R5 21 21
N2W2B3R6 20 20
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N2W2B3R7 21 22
N2W2B3R8 20 20
N2W2B3R9 20 20
N2W3B1R0 15 15
N2W3BIRI1 15 15
N2W3B1R2 15 15
N2W3B1R3 14 15
N2W3B1R4 15 15
N2W3BIRS5 15 15
N2W3B1R6 15 15
N2W3BI1R7 14 15
N2W3BI1R8 15 15
N2W3B1R9 15 15
N2W3B2R0 15 15
N2W3B2R1 14 15
N2W3B2R2 15 15
N2W3B2R3 15 15
N2W3B2R4 15 15
N2W3B2R5 14 14
N2W3B2R6 14 14
N2W3B2R7 15 15
N2W3B2R8 14 14
N2W3B2R9 15 15
N2W3B3R0 15 15
N2W3B3R1 13 13
N2W3B3R2 14 14
N2W3B3R3 14 14
N2W3B3R4 15 15
N2W3B3R5 15 15
N2W3B3R6 15 15
N2W3B3R7 13 13
N2W3B3R8 15 15
N2W3B3R9 14 14
N2W4B1R0 12 12
N2W4BI1R1 12 12
N2W4B1R2 12 12
N2W4B1R3 12 12
N2W4B1R4 12 12
N2W4BI1R5 12 12
N2W4B1R6 11 12
N2W4B1R7 12 12
N2W4B1R8 11 12
N2W4B1R9 11 12
N2W4B2R0 11 11
N2W4B2R1 11 11
N2W4B2R2 11 12
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N2W4B2R3 11 11
N2W4B2R4 12 12
N2W4B2R5 12 12
N2W4B2R6 12 12
N2W4B2R7 11 11
N2W4B2R8 12 12
N2W4B2R9 11 11
N2W4B3R0 12 12
N2W4B3R1 12 12
N2W4B3R2 12 12
N2W4B3R3 11 12
N2W4B3R4 12 12
N2W4B3R5 10 10
N2W4B3R6 11 11
N2W4B3R7 11 11
N2W4B3R8 11 11
N2W4B3R9 12 12
N3WI1BI1RO 67 70
N3WIBIRI 67 71
N3WI1BI1R2 67 69
N3WI1BIR3 67 70
N3WI1BI1R4 67 70
N3WIBIRS 67 70
N3WI1BI1R6 68 71
N3WI1BIR7 67 68
N3WIBIRS 67 70
N3WI1BI1R9 67 69
N3WI1B2R0O 67 69
N3WI1B2R1 68 70
N3WI1B2R2 65 67
N3WI1B2R3 65 67
N3WI1B2R4 68 71
N3WI1B2R5 65 68
N3WI1B2R6 66 69
N3WI1B2R7 66 69
N3WI1B2R8 66 69
N3WI1B2R9 66 69
N3WI1B3RO 68 70
N3WI1B3RI1 66 68
N3WI1B3R2 67 68
N3WI1B3R3 66 67
N3WI1B3R4 68 69
N3WI1B3R5 65 66
N3WI1B3R6 66 67
N3WI1B3R7 61 62
N3WI1B3R8 65 66
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N3WI1B3R9 70 71
N3W2B1R0 41 42
N3W2BIRI1 41 42
N3W2B1R2 41 42
N3W2BI1R3 41 42
N3W2B1R4 40 41
N3W2BIRS5 41 42
N3W2B1R6 41 42
N3W2BI1R7 41 42
N3W2BI1R8 40 42
N3W2B1R9 41 42
N3W2B2R0 40 41
N3W2B2R1 40 41
N3W2B2R2 39 40
N3W2B2R3 39 40
N3W2B2R4 41 42
N3W2B2R5 40 41
N3W2B2R6 40 41
N3W2B2R7 40 41
N3W2B2R8 42 43
N3W2B2R9 40 41
N3W2B3R0O 42 43
N3W2B3R1 40 40
N3W2B3R2 39 39
N3W2B3R3 39 40
N3W2B3R4 42 43
N3W2B3R5 40 41
N3W2B3R6 40 41
N3W2B3R7 42 42
N3W2B3R8 39 39
N3W2B3R9 39 39
N3W3B1R0O 28 29
N3W3BIRI1 28 29
N3W3B1R2 29 29
N3W3BI1R3 29 29
N3W3B1R4 29 29
N3W3BIRS5 29 29
N3W3B1R6 29 29
N3W3BI1R7 29 30
N3W3BI1R8 29 29
N3W3BI1R9 29 29
N3W3B2R0 29 29
N3W3B2R1 29 29
N3W3B2R2 28 29
N3W3B2R3 29 29
N3W3B2R4 30 30
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N3W3B2RS5 29 29
N3W3B2R6 29 29
N3W3B2R7 28 29
N3W3B2R8 28 28
N3W3B2R9 29 29
N3W3B3RO0 27 27
N3W3B3R1 27 27
N3W3B3R2 29 30
N3W3B3R3 29 29
N3W3B3R4 29 29
N3W3B3R5 28 28
N3W3B3R6 29 29
N3W3B3R7 28 29
N3W3B3R8 29 30
N3W3B3R9 29 29
N3W4B1RO0 23 23
N3W4BIR1 23 23
N3W4B1R2 23 23
N3W4B1R3 23 23
N3W4B1R4 23 23
N3W4BI1R5 23 23
N3W4B1R6 23 23
N3W4B1R7 23 23
N3W4B1R8 23 23
N3W4B1R9 23 23
N3W4B2R0 23 23
N3W4B2R1 22 23
N3W4B2R2 22 22
N3W4B2R3 22 22
N3W4B2R4 22 23
N3W4B2R5 23 24
N3W4B2R6 22 23
N3W4B2R7 22 22
N3W4B2R8 23 23
N3W4B2R9 22 22
N3W4B3R0 24 24
N3W4B3R1 22 22
N3W4B3R2 23 23
N3W4B3R3 24 24
N3W4B3R4 23 23
N3W4B3R5 23 23
N3W4B3R6 23 23
N3W4B3R7 21 21
N3W4B3R8 23 23
N3W4B3R9 23 23
N4WI1B1RO 167 173
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N4WI1BIR1 167 173
N4WI1B1R2 167 175
N4WI1B1R3 167 175
N4W1B1R4 167 174
N4WI1BIR5 167 173
N4WI1B1R6 167 177
N4WI1BI1R7 167 174
N4WI1BI1R8 167 174
N4WI1B1R9 168 178
N4W1B2R0O 164 171
N4WI1B2R1 170 177
N4W1B2R2 164 171
N4W1B2R3 166 173
N4W1B2R4 165 172
N4W1B2R5 161 168
N4W1B2R6 168 176
N4W1B2R7 168 175
N4W1B2R8 167 174
N4W1B2R9 169 176
N4W1B3R0O 166 168
N4WI1B3R1 171 174
N4W1B3R2 172 175
N4W1B3R3 170 172
N4W1B3R4 158 160
N4WI1B3R5 162 164
N4W1B3R6 169 172
N4W1B3R7 163 165
N4W1B3R8 170 173
N4W1B3R9 162 164
N4W2B1R0O 101 105
N4W2BI1R1 101 104
N4W2B1R2 101 104
N4W2B1R3 100 104
N4W2B1R4 101 104
N4W2BI1R5 103 106
N4W2B1R6 102 105
N4W2B1R7 101 104
N4W2B1R8 101 104
N4W2B1R9 101 104
N4W2B2R0 101 104
N4W2B2R1 100 103
N4W2B2R2 102 106
N4W2B2R3 102 105
N4W2B2R4 100 103
N4W2B2R5 102 105
N4W2B2R6 103 106
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N4W2B2R7 101 104
N4W2B2R8 100 103
N4W2B2R9 102 105
N4W2B3R0 101 102
N4W2B3R1 101 102
N4W2B3R2 100 100
N4W2B3R3 100 101
N4W2B3R4 100 101
N4W2B3R5 101 102
N4W2B3R6 99 99
N4W2B3R7 101 101
N4W2B3R8 99 99
N4W2B3R9 102 103
N4W3B1R0 71 73
N4W3BI1R1 71 73
N4W3B1R2 71 73
N4W3B1R3 71 72
N4W3B1R4 71 73
N4W3BI1R5 71 73
N4W3B1R6 71 73
N4W3B1R7 71 72
N4W3BI1R8 71 72
N4W3B1R9 71 73
N4W3B2R0 71 73
N4W3B2R1 71 72
N4W3B2R2 71 72
N4W3B2R3 71 72
N4W3B2R4 73 74
N4W3B2R5 72 73
N4W3B2R6 71 72
N4W3B2R7 70 72
N4W3B2R8 72 73
N4W3B2R9 70 71
N4W3B3R0 72 73
N4W3B3R1 71 71
N4W3B3R2 72 72
N4W3B3R3 71 71
N4W3B3R4 73 73
N4W3B3R5 73 74
N4W3B3R6 73 73
N4W3B3R7 74 74
N4W3B3R8 72 73
N4W3B3R9 71 71
N4W4B1R0 56 57
N4W4BI1R1 56 57
N4W4B1R2 56 58
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N4W4B1R3 56 57
N4W4B1R4 56 57
N4W4B1R5 56 58
N4W4B1R6 56 58
N4W4B1R7 56 57
N4W4B1R8 56 57
N4W4B1R9 55 57
N4W4B2R0 55 56
N4W4B2R1 57 57
N4W4B2R2 57 57
N4W4B2R3 57 57
N4W4B2R4 56 57
N4W4B2R5 55 56
N4W4B2R6 56 56
N4W4B2R7 57 57
N4W4B2R8 55 56
N4W4B2R9 56 56
N4W4B3R0 55 55
N4W4B3R1 54 54
N4W4B3R2 57 57
N4W4B3R3 56 56
N4W4B3R4 55 55
N4W4B3R5 55 55
N4W4B3R6 58 58
N4W4B3R7 57 57
N4W4B3R8 57 58
N4W4B3R9 56 56
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