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Abstract:
Bin packing is a NP-hard combinatorial problem which provides a certain placement of non-overlapping objects in a
container in such a way that one or more objectives are optimised. This packing arrangement has many variants in
dimension, namely single dimensional, two dimensional or multi-dimensional. The problem objectives can be as
simple as minimizing the number of bins to a more complex one like considering a trade-off between the number of
bins. Problems can also be categorized into optimization of a single objective or multi objective. Bi objective
optimization is considered as a multi objective one in most of the studies, presented in this review. Solution to these
problems can be categorised in many ways. In addition to the limited number of exact methods, the extensive
literature on bin packing categorises the heuristic solution approaches into three categories, namely heuristics and
approximation algorithms, meta heuristics and hyper heuristics. This article mainly focuses on surveying the
effectiveness and applicability of these three categories of heuristic approaches on 2D and 3D packing with both
single and multi-objective optimization.
Keywords: Bin packing problems survey; variants of bin packing; heuristic approaches; approximation algorithms;
meta heuristic approaches; hyper heuristic approaches
I. Introduction
Packing problems have been widely applicable in practical situations of day to day lives as well as in industries,
where an optimal packing arrangement can lead to a significant cost reduction. This is the reason why extended
mathematical analysis is being done to improve the solutions to packing problems. According to Wascher[1], packing
problems can be loosely defined by having two sets of objects, one set for large objects and the other one for small
items. The objective is to select some or all small items within one or more large objects, subject to the conditions
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that the small items, in its entirety, will fit within the large object(s) and the small items cannot overlap.. Obviously,
the challenge is to maximize the number of small items in the minimum number and/or size of the large object(s).
The fundamental nature of the packing problem can be applied to many applications and hence this has led to
different variants which are specifically suited to a particular domain or application. For example, packing problems
and cutting problems are basically same [2]. Finding the optimal way to cut a large item into smaller ones is
conceptually same as optimally arranging small pieces within a large container. A simple one dimensional cutting
stock problem (1DCSP) is where one has large rolls of paper, metal or cloth and the customers would want to
purchase smaller different sized rolls of the material, and the challenge is to satisfy all the customers’ demand with
the minimum length of large rolls.
The one dimensional bin packing problem (1DBPP) is closely related to 1DCSP [2]. In this 1DBPP scenario, a set of
i items, each having individual size wi, are to be packed in bins of size W, and the objective is to find the minimum
number of bins that can accommodate all the i items.
The same problems can be applied in a two dimensional perspective. For the two dimensional knapsack packing
problem (2DKPP), we take into account both the weight and the height, and the objective is to fit a subset of items in
a knapsack, so that the total profit of the items is maximized, subject to the constraint that the items can be included
under the total weight W and total height H of the knapsack. [3] 2DKPP is again, very similarto the two dimensional
cutting stock problem (2DCSP), where the large roll, with one dimension fixed, and the other one variable, is
replaced by a two dimensional piece of material. Manufacturers face a variant of this two dimensional problem,
called Pallet Loading Problem (PLP). The idea is to find out an optimal loading pattern for identical sized
pieces/boxes, to be loaded on a pallet. Coming to more practical problems in the manufacturing/transportation
industries, [2] Container Loading Problem (CLP) is a three dimensional problem, where a set of items has to be
packed in a container, such that the minimum volume is wasted in the container. Needless to say, there is a three
dimensional variety of the knapsack packing problem (3DKPP) also. Extrapolating further, there is a multi-container
loading problem (MCLP) and the multi pallet loading problem (MPLP), where the problem is to minimize the
number of containers or pallets, instead of just restricting the packing to only one container or pallet. It is also
obvious that in a single container problem (CLP), there may be some items which couldn’t be accommodated in the
container, and the objective was to minimize the un-accommodated items, while in the MCLP, all items are
accommodated and the objective is to minimize the number of containers. [2] Putting these variants of the bin
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packing from another perspective, one can categorize the problems into three categories. One is where the objective is
to minimize one dimension of the container, commonly known as strip packing. Area minimization is the second
category, where minimizing the area or volume is the primary objective. The third category is called circle packing,
where the challenge is to minimize the radius of a circular container. Strip packing originated from the textile
industry, where from a roll of fabric, different components of clothing items need to be cut, and the objective is to
place and cut the items such a way that the length of the strip is minimized, provided that he width of the strip is
fixed. The 1DCSP problem is a popular example of strip packing.
Area minimization encompasses all the variants of PLP and CLP, where the challenge is to minimize the area or
volume of the container, which is large enough to pack a set of items. This problem can also be related to Very Large
Scale Integration (VLSI) placement problem where optimal positioning of rectangular modules within a rectangular
plate is desired.
Circle packing is also a minimization class of problem, where one must find the minimum radius sized circular
container, which can fit in a set of circles. This kind of optimization is relevant to cable or oil pipeline industries.
Exact Approaches
Bin packing problem, and its variants, is an NP-Hard problem. However, there has been substantial effort in trying to
find exact approaches to solve these problems, obviously with smaller values of parameters. Downsland [4] initially
proposed an exact algorithm for the PLP problem. Later Bhattacharya and Bhattacharya [5] proposed a depth first
approach for the same problem. Tarnowski et al.[6] presented a polynomial algorithm for the PLP with the restriction
that the placements are required to be in guillotine-cuttable fashion.
Martello et al.[7],[10] proposed an enumerative branch and bound approach to solve the two dimensional strip
packing (2SP) problem. After sorting the items in decreasing height, a reduction procedure determines the optimal
arrangement for a subset of items, consequently reducing the instance size.
Martello and Vigo [8],[10] also proposed an enumerative method to tackle the two dimensional Bin packing (2BP)
problem. The method adopts a two level branching scheme, the outer branch decision tree and the inner one, where
the items are loosely assigned to the bins in the outer level and the inner branch decision tree enumerates possible
sequences to finalise the positions of the items in the corresponding bin.
Fekete and Schepers [9] modelled the 2 dimensional bin packing problem with Interval Graph (IG) approach, where
the items are represented by nodes in the graph, and two nodes are adjacent if their dimensions overlap. By creating
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two graphs, one for the x coordinates and the other for the y coordinates, if there is a feasible packing arrangement of
the objects in a bin, the graphs would exhibit salient properties. This method of representation can be scaled to higher
dimensions also.
In Section II, we discuss some of the popular heuristics which are used to solve the bin packing problem or its
variants, for both single and multidimensional perspectives. Section III talks about the different meta-heuristics
techniques in this field, while some hyper-heuristics approaches for this problem are discussed in Section IV. Finally,
we conclude in Section V.
II. Heuristic Approaches
[2][10] The computationally hard nature of bin packing problems has given rise to numerous heuristic approaches to
obtain acceptable results in a feasible amount of time. In fact, the literature on heuristics (or variants, like metaheuristics or hyper-heuristics) approaches far outnumber the ones which use exact approaches for the bin packing
problem. The heuristics approaches can be broadly classified into construction based and local search based
approaches. The construction based heuristics tries to accommodate one object at a time in the bin till all objects are
placed. Theseheuristics range from very simple and naïve methods to moderately developed ones which are used as
approximation techniques with guaranteed bounds in terms of optimality. Local search based heuristics, on the other
hand, iteratively try to achieve a better packing as a whole. While there are some local search heuristic approaches,
they are mainly used alongside meta-heuristic approaches.
Construction Based Approaches
The literature is filled with numerous approximation techniques which make a valiant effort to solve this NP-Hard
problem of bin packing. These approaches may not get the optimal answer but it guarantees an upper bound of how
much it is close to an optimal solution.
[11] The First Fit (FF) approach tries to place the current object in the very first bin that can accommodate the object.
[11] The Next Fit (NF) approach first tries to fit the object in the current bin, if unsuccessful, it assigns a new bin for
the object to be placed. The [11] Best Fit (BF) technique tries to fit the current item in the bin which will have the
minimum remaining capacity, if the object is placed in that bin. Conversely, the Worst Fit (WF) approach tries to fit
the object in the bin with the maximum remaining capacity. Interestingly, Almost Worst Fit (AWF) approach goes
for the bin with the second maximum remaining capacity. Literature shows that FF approach fared the worst
compared to these methods. All these approaches however, were limited in their success in the one dimensional
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scenario only. [12][17]The Decreasing FF algorithm first sorted the objects in non-increasing order with respect to
their dimensions and then applied the basic FF approach. This gave better results than its primitive version and was
effective in scenarios having more than one dimension also. Consequently similar variants, like Decreasing NF
(NFD), Decreasing BF (BFD) and Decreasing WF (WFD) were proposed which also gave better results for both one
dimensional and more than one dimensional scenario.
The First Fit Lookup (FFL) [13] is a variant of FF, where a table is used to keep track of the bin where the last object
was fit, thus when the next object of similar size is needed to be placed, the algorithm looks up the table to find the
bin. Best Fit Lookup (BFL) was also designed on similar lines. They both provided marginally better results than
their primitive counterparts.
The study of these basic heuristics brought out the fact that BFD came out to be the best in efficient packing and NFD
came out to be the best in speed of packing. It also brought out this contradiction that more efficient packing reduces
the speed of packing, and vice versa. In this context, Maxi Min (MM) bin packing algorithm, proposed by Dingju
Zhu [14], can match the best of both scenarios with some restrictions on the size repetition rate of packed objects.
Coffman et al. [12] proposed an approximation approach for the 2SP. After the items are sorted in non-increasing
order of height, they are packed in levels by means of two algorithms, Next-Fit Decreasing Height (NFDH) and FirstFit Decreasing Height (FFDH). NFDH tries to place the next item on the current level. If it doesn’t fit, it tries to place
it in the new current level created by a horizontal line on top of the tallest item placed on the old current level. FFDH
tries to place the next item on the first level where it can fit. These algorithms can run in O(nlogn). The Best-Fit
Decreasing Height (BFDH) algorithm is also used to solve 2SP. BFDH tries to fit the next item, in the same level, so
that after placement, there is minimal residual horizontal space. The Bottom-Left (BL) approach [15] attempts to
allocate the item in the lowest possible position. In all of these approximation algorithms, placing of items is always
left justified.
Chung et al. [16] approached the 2BP with a Hybrid-First Fit (HFF) algorithm, which uses FFDH in the first phase
and then uses one dimensional First-Fit Decreasing (FFD) [17] algorithm in the second phase. The Hybrid-Next Fit
(HNF) algorithm is very similar to NFDH, the difference being that, even if the preference is to place the item in the
next level in the same bin, it can also choose the next bin for placement of the item. Berkey and Wang [18] proposed
a Finite First-Fit (FFF) algorithm which modified HFF, such that the item is placed on the lowest level of the first bin
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where it can be fitted, otherwise new level is created in the first suitable bin, finally, even if that fails, a new bin is
initialized.
Local Search Based Approaches
Significant studies are also done on developing local search based heuristics to effectively tackle the bin packing
problems. The underlying characteristic of this approach is that even if the local search is synonymous with a greedy
approach resulting in a possible suboptimal solution, the results are obtained quickly.
Bengtsson (19) used a local search technique on 2DBPP. After a subset of the objects is placed in the bin to start
with, the algorithm iteratively places unallocated objects in the bin having maximum unused space. The objective
was to make the number of unallocated (inactive) bins to zero.
Voudouris and Tsang (20) proposed a guided local search technique where information is accumulated from various
sources and is utilized to guide the local search to discard non- promising parts of search space, thus making the
search faster. Faroe et al (21) used this guided local search approach on 3DBPP. Starting with a defined upper bound
on the number of obtained bins, the algorithm iteratively tries to reduce the number of bins, provided the boxes are
feasibly packed in the bins.
III. Meta-Heuristic Approaches
A meta-heuristic generates a heuristic for an optimization problem, with imperfect or incomplete information to begin
with. There is some degree of randomness and also assumption in the process, but one can recognize a good solution
when it is available. Most of the heuristics approaches described in the previous section are construction based and
are essentially greedy approaches, which has limitations on global optima. In this context, meta- heuristics
approaches are much preferred choice as these can search much larger search space in a feasible manner than simple
heuristics and converges to a solution much faster. This enables us to find out an optimal or near optimal solution in a
reasonable time. Meta-heuristic approaches usually apply genetic algorithms, ant colony optimization, tabu search,
simulated annealing and their variants. In addition, it also combines these approaches with local search heuristics for
better results.
Dowsland [22] used a simulated annealing approach on 2SP, to explore both feasible solutions and a neighbourhood
area in which items overlap in pairwise manner. Shifting (vertical or horizontal) of the neighbourhood results in
reduction of overlap, and improves the solution and consequently upper bound is updated. In the three dimension
scenario, Zhang et al (23) proposed a combination of a bin loading heuristic and simulated annealing to solve the
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3DBPP. Pisinger (24) used a novel box placement representation called sequence triple and dealt with both 2D and
3D knapsack packing problem using simulated annealing. K.H. Loh et al (25) proposed Weighted Annealing (WA)
by using a modified greedy heuristic to assign varying weights to different parts of solution space.
Lodi et al (26) proposed a tabu search algorithm for 2DBPP, where the tabu search controls the movement of objects
in between the bins by using two neighbourhood functions. The first one tries to put the objects in one bin or the
other, while the second one tries to combine two bins to consolidate all the objects. Lodi (27) later proposed a
TSPack, a tabu search unified framework, which can be applied to two dimensional as well as three dimensional
scenarios. Crainic et al (28) proposed a two level tabu search, TS2Pack, on 3DBPP. The first level aims at reduction
in the number of bins, while the second level tries to optimize the packing inside the bins. It also puts forward a
method to increase the size of the neighbourhood without increasing the overall time complexity, this, in turn,
improves the quality of the search.
Jakobs [29] approached the 2SP with a genetic algorithm, where the individual is created by a permutation of the
order in which the items are packed, with the assumption that the objects would be allocated in Bottom Left (BL)
strategy. This technique made the crossover and mutation process simpler. Kroger (30) used an implicit
representation in his genetic algorithm for the 2SP, but constrained to guillotine packing with right angle rotations. It
used a complex slicing tree structure and consequently a complex crossover process, however, this resulted in linear
time packing, and neighbourhood information was utilized for a local optimization in the mutation phase. The results
were quite encouraging, compared to simpler simulated annealing approaches. Falkenauer (31) used Grouping
Genetic Algorithm (GGA) along with a dominance based local optimization to solve bin packing problems
effectively. The GGA is quite a deviation from the classic Holland style GA, and is customised to represent the
structure of grouping problems. Gehring et al (32) provided a parallel genetic algorithm for the 3DBPP with
heterogeneous cartons/bins. They also showed that their hybrid genetic algorithm (2002) fared better on
heterogeneous bins compared to a tabu search. Egeblad et al (24) used a layer building heuristics for a Biased
Random Key based Genetic Algorithm (BRKGA) for both 2DBPP and 3DBPP. This method keeps all the bins open
for allocation and then utilizes the free space available in the bins to come up with an effective placement process.
Many of the simulated annealing, tabu search and genetic algorithm approaches stress on neighbourhood search to
obtain their results. Pisinger et al (33) proposed an Adaptive Large Neighbourhood Search (ALNS) in which destruct
and repair sequences were used to generate solutions. Hansen et al (34) summarized Variable Neighbourhood Search
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(VNS) algorithms which progressively change the neighbourhood both by local search leading to local minima and
also escape from the valleys. Alvarez-Valdes et al (35) presented a Greedy Randomized Adaptive Search Procedure
(GRASP) for SP. This search procedure had both a constructive phase and an improvement phase. The constructive
phase had greedy approaches to select several objects for the bin at hand, however, the selection was randomized, not
deterministic, among the chosen ones. Finally, the improvement phase did the fine tuning. Alvarez-Valdes et al
(2010) then utilized both GRASP and Variable Neighbourhood Descend (VND) search for 2D and 3DBPP where the
construction phase is guided by a maximum space heuristic and the refinement phase uses a VND structure.
Ant Colony Optimization (ACO) and its variants, in recent times, have also been applied for this class of problems.
Levine J. et al (2004) used ACO for both 1DSP and 1DBPP. Silveira et al (38) used ACO for 3DBPP with guillotine
cut constraint, with variable sized bins. D.S. Liu et al (39) proposed a Multi-Objective (bi-objective) Particle Swarm
Optimization (MOEPSO) algorithm for 2DBPP to handle the twin conflicting objectives of minimizing the number of
bins as well as balancing individual load of the bins. This approach incorporated the Pareto optimal set for its
answers. The literature also shows the effectiveness of combining more than one meta-heuristic approach. C Blum et
al (40) effectively used an evolutionary algorithm framework on an Improved Lowest Gap Fill approach to propose
an EA-LGFi algorithm on 2DBPP. The original Lowest Gap Fill approach (LGFi), proposed by Wong et al (41), is a
randomized constructive one pass heuristic. In the pre-processing stage, objects, with respect to the area, are sorted in
non-increasing order. The packing stage follows the bottom leftmost approach, with an objective to fill up the
horizontal or vertical gap completely.
Meta-heuristic approaches and its variants, so far, occupy a very significant share of the literature available on bin
packing problems. This section mentions only few of them as token examples. In fact, the recent findings have
indicated that using a combination of meta-heuristic approaches or a combination of meta-heuristic and
approximation/heuristic approaches generate much better results than individual approaches. It can be stated that
applying a standalone meta-heuristic is sometimes effective only in lower dimensions (1D, maximum to 2D),
however a combination of approaches gives near optimal results for higher dimensions (for eg., 3D). Hybrid metaheuristic approaches are also more adept in providing better results for multi-objective constraints.
IV. Hyper Heutistic Approaches
Hyper heuristics essentially aims to automatically arrange the meta-heuristics or heuristics needed to tackle complex
search problems. They fundamentally differ from meta-heuristics by the fact that in case of meta-heuristics, the
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search space consists of the different solutions to the specific problem or application, while in case of hyper
heuristics, the search space has heuristic techniques. Furthermore in terms of generality, we have mentioned in the
last section that a combination of heuristics/meta-heuristics approach generates much better solution than individual
ones. However, the solution is geared towards a specific instance of a problem, for eg., 3DBPP or 3DSP. Hyper
heuristics, ideally, is geared towards a higher, more general approach, where the order of heuristics chosen by the
hyper heuristics approach should solve more than one problem in a domain, for eg., both 3DKnapsack Problem and
3DBPP.
Burke et al (43) brought out, in detail, the idea of hyper heuristics and also stressed on the salient objective of being
able to elevate the generality of the approach for optimization problems. Later, Burke at al (44) proposed a genetic
programming framework which automatically generated quality heuristic which tackled both knapsack problem and
bin packing problems with rectangular pieces for all one, two and three dimensions. In their 2013 paper, Burke et al
categorised hyper heuristics into two classes: selection hyper heuristics and generation hyper heuristics. Selection
hyper heuristics selects or chooses existing heuristics and applies them on the problem at hand. Generation hyper
heuristics creates new heuristics from components of existing heuristics. It is relevant to point out that in both the
cases, a genetic algorithm framework is used.
The initial population consists of individuals who have popular/existing heuristics, the selection hyper heuristics
approach chooses good individuals from the existing population by a GA selection mechanism and thus generates a
good solution for the problem. The generation hyper heuristics approach performs crossover and mutation on the
selected individuals, thus new heuristics are created which have mixed characteristics of heuristics from their parents,
and the GA mechanism outputs a good individual which generates a good solution for the problem.
Lopez-Camacho et al (45) presented a unified selection based hyper heuristic framework for 1D and 2D bin packing
problems. Basic heuristics like FFD, BFD, Djang and Finch (DJD) were initially used but it generated a fast,
deterministic algorithm which bettered the results from the best problem specific heuristics. Jaya Thomas et al (46)
also used a genetic algorithm based hyper heuristics approach to effectively handle 2D packing problems, and can
also be used for cutting problems.
The hyper heuristics were created from a limited set of low level heuristics like Rightmost placement, MaxDiff (place
the rectangle which has the maximum difference of height between itself and the last rectangle already placed in the
bin) placement and MinDiff (vice versa) placement.
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Gomez et al (47) presented a bi-objective optimization on irregular 2D cutting stock problems by creating a set of
Pareto optimal Multi-objective Hyper Heuristics (MOHH). The MOHHs were created by using a Multi-objective
Evolutionary Algorithm (MOEA) called NSGA-II (Non-dominated Sorting Genetic Algorithm, version II). The dual
objectives were to minimize both the number of sheets needed to fit a fixed number of objects, as well as the time
required to perform the fitting.
Kevin Sim et al (48) presented the idea of generating cooperative hyper heuristics which collectively reduce the
number of required bins for the 1DBPP using Single Node Genetic Programming (SNGP) island model. Kevin Sim
et al (49) then proposed a lifelong learning hyper heuristic method which fuses SNGP methods and generates novel
heuristics, which is self-sustaining within a network of available problems and heuristics, and can adapt over time as
and when the environment changes or new knowledge is introduced.
Beyaz et al (50) proposed robust hyper heuristic algorithms for 2DBPP by using Memetic Algorithms (MA) with
novel crossover and mutation operators for heuristics selection. Memetic Algorithms is a Hybrid Evolutionary
Algorithm (HEA) which uses both population based representation and also uses local search techniques. This paper
also used state of the art heuristics like Finite First Fit, Finite Next Fit, BFH, Unified Tabu Search, LGFi.
Hyper Heuristic approaches can also be classified in terms of online and offline approaches. Online approaches are
more dynamic in nature, where the hyper heuristic readjusts its choice and order of heuristics when a new instance of
a problem arrives. Offline approaches create the hyper heuristics based on the complete set of heuristics and problem
instances available at the beginning.
Needless to say, the offline approach is much faster and gives better results in terms of both time consumed and
optimality. The online approach, on the other hand, needs to modify its hyper heuristic for the changing input
scenario, and hence is slower and might not match the level of optimality provided by the offline variety. However,
the online approach is more geared to the ideal objective of generality in hyper heuristic approaches, where it can
solve more than one problem in a domain, or even across domains in optimization problems.
V. Conclusion
This paper conducted a brief survey of the approaches used to tackle the bin packing problems and its variants, with
an eye towards their applicability in one or more dimensions. Even though some exact approaches for the problem
were mentioned in this review, the emphasis was on the categorization of the approaches into three main types, the
heuristic approaches, the meta-heuristic approaches and the hyper heuristic approaches. We have tried to point out the
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distinctive features for each of these categories, emphasizing on the importance of each category and why research in
this field has evolved from one category to the other.
This survey points out that the shifts from heuristic to meta-heuristic to hyper heuristic approaches show that there is
a continuous evolution in the paradigm of problem solving in this bin packing problem domain of combinatorial
optimization. On a different note, we also wish to point out that the complex workings of the evolving hyper heuristic
approaches, in turn, need basic heuristic approaches only to provide a near optimal or optimal solution to the
problem. Therefore, a novel and innovative change in the basic heuristic approaches can have a cascading effect in
both the meta-heuristic and hyper heuristic solutions.
The literature shows the magnanimity of the studies done on bin packing problems and its variants, however this
survey looks at only few of them as representations for the categories it has classified into. Therefore, this survey,
although wide-ranging, is not comprehensive. We hope that this effort has brought out the evolving trends in tackling
bin packing problems and would be helpful in finding more novel and innovative techniques.
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