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Abstract. Solvers for different combinatorial optimization problems have
evolved throughout the years. These can range from simple strategies
such as basic heuristics, to advanced models such as metaheuristics and
hyper-heuristics. Even so, the set of benchmark instances has remained
almost unaltered. Thus, any analysis of solvers has been limited to assessing their performance under those scenarios. Even if this has been
fruitful, we deem necessary to provide a tool that allows for a better
study of each available solver. Because of that, in this paper we present
a tool for assessing the strengths and weaknesses of different solvers, by
tailoring a set of instances for each of them. We propose an evolutionarybased model and test our idea on four different basic heuristics for the
1D bin packing problem. This, however, does not limit the scope of our
proposal, since it can be used in other domains and for other solvers with
few changes. By pursuing an in-depth study of such tailored instances,
more relevant knowledge about each solver can be derived.
Keywords: 1D Bin Packing Problem · Genetic Algorithm · Instance
generation.
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Introduction

The Bin Packing Problem (BPP) has been widely studied in the literature [2,3].
Moreover, different kinds of optimization problems can be modelled as BPPs [7].
This has led to a broad array of different solvers for tackling the problem: from
?
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basic low-level heuristics, going through metaheuristics, and even arriving to
high-level solvers known as hyper-heuristics [17]. Even so, instances have remained mostly stable as solvers have evolved throughout the years. Tailoring
instances to solvers is thus, needed, so that both of them can evolve in tandem.
There has been an effort for creating instances in different fields. For example,
Martello and Toth [11], introduced a set of instances for the binary Knapsack
Problem (0/1 KP) with different numbers of items, and a high correlation between weights and profits of the items. Similarly, Zitzler et al. [19] generated
data for the multi-objective KP using random integers for weights and profits
that has been widely used [18,9,6]. Another example is the OR-Library, which
distributes test data for Operations Research (OR) problems [1]. Yet another
example corresponds to the Mixed Integer Programming Library (MIPLIB) [7],
originally proposed in 1992. The current version dates from 2010 and it covers
several types of domains, including Bin Packing. Other works of interest on this
regard include [10,14,13], which we do not detail here due to space constraints.
We consider that the aforementioned approach deals with the problem reactively: first creates problems and then verifies the performance of solvers. But,
we can change this approach for a proactive one, where we create instances tailored to the attributes of a solver. In this work, we explore the idea of using an
evolutionary-based model for creating such an approach. Our objective is finding
instances where a solver exhibits a desired behavior, allowing for investigations
that revolve around the strengths and weaknesses of such solvers.
This need is not new and it has been explored in recent years. A recurring idea
is to use an ‘intelligent’ generator, based on evolutionary computation, to target
a solver. Some authors have achieved quite interesting results. For example, van
Hemert [4,5] showed how to use an evolutionary algorithm to detect hard to solve
instances in Constraint Satisfaction Problems (CSPs). Smith-Miles et al. [16,15]
focused on intentionally creating instances of the Traveling Salesman Problem
(TSP) that were easy or hard for certain algorithms.
To the best of our knowledge, no prior works have proposed a tool that
allows assessment of the strengths and weaknesses of different solvers, through
an evolutionary approach. Based on that, we asked whether it was possible to
use a genetic algorithm for producing synthetic 1D bin packing instances under
different scenarios. By doing so, we can fill the knowledge gap about instance
tailoring for bin packing problems, while at the same time offering a tool for
facilitating the study of different solvers under a variety of scenarios. This work
contributes by presenting the rationale behind such a tool. Through it, insights
about the elements that allow a solver to excel or fail can be more easily obtained.
This manuscript is organized as follows. Section 2 presents an overview of
different elements related to the research, focusing on the domain we selected for
testing, as well as on the solvers and features of interest. Afterwards, Section 3
briefly presents our proposed tool by describing how it operates. We then move on
to summarizing the testing we carried out in Section 4. The corresponding data
is given in Section 5. We wrap up our manuscript by laying out our conclusions
in Section 6.
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Fundamentals

This section presents some of the fundamental concepts related to our work.
Here, we have restricted our analysis to problems in one dimension, though our
model can be expanded to p dimensions without difficulty.
2.1

The 1D Bin Packing Problem

Bin Packing Problems (BPPs) represent the task of packing a set of items into
containers with a given capacity (known as bins). The objective is to use as few
bins as possible. In the one-dimensional case, objects have a single dimension
(e.g., cost, length, time, etc.). Higher dimensional cases are represented by a
combination of those, though as aforementioned, we limit ourselves to 1D BPPs.
In this work, we consider the dimension of the problem as the length of the item.
Hence, the problem can be stated as:
Given a list of objects, and their lengths, as well as a collection of bins with
fixed size, find the smallest number of bins that can contain all objects.
One-dimensional BPPs represent NP-hard combinatorial optimization problems, based on the partition problem. Finding the optimal solution is known
to be exponentially difficult. Performance of traditional exact methods, such
as branch and bound, degrade as the problem grows. Thus, other approaches
are required. One of them is to use heuristic methods, representing simple and
purpose-specific strategies that can obtain an approximate solution in a short
enough time.
2.2

Some Solvers of Interest for the 1D Bin Packing Problem

In this work, we focus on a particular case of online BPPs. We consider problems
where information from the whole instance is available, but where packaging is
restricted to the first element, e.g., a production line where packaging is carried
out by a fixed robot at the end of the line. Hence, all of the following heuristics
pack the first item in the list:
– First Fit Heuristic (BP-FF). Find all the bins in which the item fits and
place it into the lowest numbered one.
– Best Fit Heuristic (BP-BF). Find all the bins in which the item fits and
place it in the one that leaves the least free space.
– Worst Fit Heuristic (BP-WF). Place the item in the bin with the most
available space, as long as it fits.
– Almost Worst Fit Heuristic (BP-AWF). Similar to BP-WF, but places
the item in the second emptiest bin (as long as it can hold it).
We want to stress out that if the item does not fit in any bin, a new one is
opened and the item is placed there. Moreover, selecting these heuristics does
not limit the scope of our work. In fact, our proposed model can handle different
solvers as it only requires knowing how it performs for the instance being tailored.
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Some Features for the 1D Bin Packing Problem

Even though our proposed model is featureless, it can be useful to define a set
of features for analyzing the generated instances. We considered some based on
the cost (i.e., length) of elements remaining in the instance [8]: Average length
(AL), Standard deviation of the length (SL), and Ratio of big pieces (RBP, i.e.,
the ratio of elements whose length is above half of the bin capacity).
2.4

Some Performance Measures for the 1D Bin Packing Problem

Based on [12], in this work we adopt three metrics for measuring the performance of a solver over a given instance: the number of bins used, the number of
completely filled bins, and the average waste per bin.
Consider this brief example, assuming a bin capacity of 10 and that the set
of items to be packed is: 3, 8, 7, 4, 9, 1, 6, 2. Figure 1 shows the solution with
each heuristic, and the aforementioned performance metrics. The best solution
is given by the best fit heuristic (BP-BF) since it used the least number of bins
and filled them completely. Moreover, by only focusing on the number of bins, it
would seem that the remaining heuristics are equally good. However, the worst
fit heuristic (BP-WF) was unable to completely fill the same number of bins,
and thus represents the worst heuristic. In fact, the remaining two heuristics
(BP-FF and BP-AWF) yield the same solution, so they are tied.

Fig. 1. Solution given by each heuristic, and their performance, for the set of items
given by 3, 8, 7, 4, 9, 1, 6, 2. The number in the upper right corner of each bin represents
their ID.

2.5

Instances Used in this Work

Throughout our work, we only consider custom instances. As will be detailed
in Section 4, we tailor these instances so that each solver behaves under the
conditions defined by the user. The dataset is available upon request.
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The Proposed Approach

In this work, we propose using a genetic algorithm for directly evolving the
parameters of each item in the instance. To do so, a chromosome is represented
by a binary string whose size depends on the number of items in the instance
and on the maximum value for their length. Figure 2 shows an example of two
chromosomes (A and B) with five items each, whose length is given by five
bits. Since we are only interested in providing instances with positive length,
these chromosomes can represent lengths in the range [1, 32]. As can be seen,
repetitions are allowed within the instance.

Fig. 2. Two sample chromosomes (A and B) for generating instances with five items
and with item lengths in the range [1, 32].

To produce an instance, three arguments are required: the capacity of the bin,
C; the number of items for the instance, n; and the maximum length of each item,
li . The process starts with a population of randomly initialized chromosomes.
Afterwards, it keeps evolving guided by an user-defined objective function. This
allows instances to be tailored to different means, therefore representing a powerful tool for studying specific traits of different solvers. As will be shown in
Section 4, in this work we show different functions that can be used to guide the
evolution through different paths.
As evolution progresses, chromosomes will change to reflect item lengths
closer to the user requirements. To do so, two new offspring are created at each
iteration, using standard genetic operators of selection, crossover, and mutation.
The two worst chromosomes are then removed from the population so its size is
preserved with each iteration. We want to stress that the number of items, as
well as the capacity of the bin, are not encoded within the chromosome. Thus,
they remain unchanged throughout the whole process.
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Methodology

Testing was carried out on an Intel Core i7-6700 processor, with 16 GB of
RAM, and running Windows 10 OS. The steady-state GA was tuned through
exploratory experiments, omitted for the sake of space: 200 individuals, mutation rate of 0.01, crossover rate of 1.0 and 25000 generations per run (tops). To
gather our data, we followed a three-stage methodology as described in Fig. 3.

Fig. 3. Methodology followed throughout this work.

4.1

Preliminary Testing

Throughout this first stage, we focus on exploring whether our idea is promising.
Thus, we strive to generate both, easy and hard instances, for each of the heuristics discussed in Section 2.2. For this batch of tests, we created 100 instances
with 50 items each, for every scenario. This represents a total of 800 instances
(8 × 100). In the first case, we used equation (1) to maximize the difference between the fitness (i.e., the average waste) given by the target heuristic (F itone )
and that of the best remaining heuristic (min (F itothers )). In the second case,
we used equation (2) to also maximize the distance between the performance of
the target heuristic and the worst of the remaining heuristics (max (F itothers )).

4.2

Fobj = −(min (F itothers ) − F itone )

(1)

Fobj = −(F itone − max (F itothers ))

(2)

Initial Testing

Afterwards, we push our idea a bit further and strive to generate bigger instances.
Hence, we demand sets of 100 items. Once again, we create instances for all 8
scenarios (i.e., 4 heuristics and 2 conditions). Moreover, we use our approach
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to generate 200 instances per scenario, to analyze the repeatability of our idea.
This leads to a total of 1600 instances during this testing stage.
4.3

Advanced Testing

As a final effort to test our approach, we concentrate on generating a different
kind of instance. This time, we modify the objective function in order to evolve
instances with a maximum difference among solvers, and instances where all
solvers perform the same. In the first case, we use equation (3) to maximize the
standard deviation that heuristics exhibit over the instance. Here, F iti is the
fitness (i.e., the average waste) of every heuristic, F itavg is the average fitness
achieved by all solvers, and NH is the number of heuristics (i.e., four for this
work).
v
u NH
uP
u (F iti − F itavg )2
t
(3)
Fobj = − i=1
NH − 1
In the second one, we use equation (4) to search for instances where all solvers
perform equally. Thus, F itBest is the best fitness achieved by all solvers, whilst
F itW orst is the worst one.
Fobj = (F itBest − F itW orst )2

(4)

We pursue this idea to try and identify, based on the features from Section 2.3,
the regions in the feature space where it is critical to select an appropriate solver
and regions where it is of no importance. Since the idea is to also explore the
versatility of our model, during this stage we use instances with 100 items each,
and create 100 instances for each of the two scenarios.

5

Experiments and Results

This section presents the most relevant data of our experiments. Because of
space restrictions, we only focus on showing the performance of some heuristics
in terms of average waste. Nonetheless, this does not mean that the other metrics
were unsatisfactory.
5.1

Preliminary Testing

Figure 4 summarizes the average waste of the BP-FF and BP-WF heuristics over
all generated instances. The first row relates to instances that can be efficiently
solved by one heuristic (e.g., BP-FF or BP-WF), but which are poorly solved
by the remaining ones. Similarly, the second row relates to instances poorly
solved by one heuristic and efficiently solved by the remaining ones. In both
cases, our proposed approach successfully tailors instances. In the first case, the
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(a) FF (Easy)

(b) WF (Easy)

(c) FF (Hard)

(d) WF (Hard)

Fig. 4. Average waste achieved by the First Fit (FF) and the Worst Fit (WF) heuristics
over the sets of instances generated in the preliminary testing stage. Boxplots reflect
data for 100 instances. Other solvers are omitted due to space restrictions.

average waste becomes minimum. In the second one, the average waste increases
(sometimes even dramatically, e.g. for BP-WF).
Figure 5(a) shows the center of each set of instances, located at different
positions. Interestingly, easy and hard to solve instances, for a specific heuristic,
exhibit opposing behaviors. For example, increasing the difficulty of instances
for BP-FF, leads to instances whose items are more varied, but which are also
two units longer (on average). Even more, there are 10% more big pieces within
hard instances. Nonetheless, in the case of BP-WF harder instances are those
with fewer big pieces (about 7% less), leading to smaller items (about one unit
on average).
5.2

Initial Testing

Although increasing the number of items in the instance to 100 makes it harder
for our model to generate the instances with the requested behavior, it is still able
to generate quite useful results (Fig. 6). This time around, there are also scenarios
where a solver has virtually no waste at all (e.g., for the best fit heuristic), and
scenarios where a heuristic wastes way more space than other approaches. Even
in those cases where the behavior of the heuristic of interest is not that different
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(b) Initial stage

Fig. 5. Centroid of all instances generated in the preliminary and initial testing stages.
Stars indicate easy-to-solve (E) instances for a specific heuristic and crosses indicate
hard-to-solve (H) instances for a specific heuristic. Data is also shown for instances
with High variation (HV) and Low variation (LV).

from the others, there are still elements worth remarking. For example, consider
hard-to-solve instances for the best fit heuristic. Even though medians are quite
close, best fit is the only heuristic unable to achieve average waste values below
one.
A plot of the location of the 1600 generated instances, again reveals an interesting pattern (Fig. 5(b)). As in the previous stage, easy and hard instances are
located on opposing parts of the feature space. It is also interesting to observe
that changing the difficulty of a heuristic implies relatively the same movement
in the feature space: for the first fit and best fit heuristics, it represents a shift
from right to left and upwards; for the worst fit and almost worst fit, it changes
and now goes from left to right and downwards. Hence, the behaviour from the
previous stage holds. In fact, the ratio of big pieces (RBP) increased from 39%
to 51% for BP-FF, while it decreased from 55% to 41% for BP-WF.
5.3

Advanced Testing

As mentioned in Section 3, this stage pushes our approach further by trying
out different objective functions. Figure 7 shows two scenarios of interest: one
with varied performance, and one with the same performance. Once again, our
proposed model was able to cope with the situation, evolving instances favorable
for the user needs. Taking into account that the bin capacity was set to 30, we
consider that a gap in heuristic performance of about 10 is quite remarkable.
Moreover, the model was actually able to evolve instances where heuristics had
the exact same behavior, thus representing a region of the feature space where
it is irrelevant to spend resources on determining which heuristic to use. The
centroid of these two sets of instances can be seen in Fig. 5(b). As expected, the
scenario with the highest variation is the one farthest away. This can be explained
since the other scenarios only considered that a given solver was either good or
bad in comparison to the others, but did not seek that the solvers exhibited
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(a) Best Fit (Easy)

(b) Almost Worst Fit (Easy)

(c) Best Fit (Hard)

(d) Almost Worst Fit (Hard)

Fig. 6. Average waste achieved by the Best Fit (BF) and the Almost Worst Fit (AWF)
heuristics over all the sets of instances generated in the initial testing stage. Boxplots
reflect data for 200 instances. Other solvers are omitted due to space restrictions.

a varied performance. Similarly, the set of instances with the lowest variation
is close to the set of hard-to-solve instances for the best fit heuristic. This can
also be explained since, as it was mentioned above, this scenario exhibits a low
variation (with only some instances yielding average waste values below unity).

(a) High Variation

(b) Low Variation

Fig. 7. Average waste achieved by all solvers when operating over instances generated
with high variation (a) and with low variation (b).
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Conclusions

In this work we presented an evolutionary-based model for tailoring instances to
specific needs. The tool we propose may allow for an in-depth study of different
heuristics. It can be used to create instances that exploit heuristic strengths and
weaknesses, so knowledge about when to use each one may be derived. However, we did not pursue such endeavor here, mainly due to space restrictions.
Nonetheless, we tested our approach by generating over 2500 instances for the
1D Bin Packing Problem, distributed along four different heuristics. Our testing
included scenarios where one solver excels while the others fail, and scenarios
where one solver fails while the remaining ones excel. To push our generation
model even further, we included instances where the solvers performed as diversely as possible, and instances where all solvers performed equally.
Data exhibited interesting elements. For example, we created easy instances
for the first fit heuristic (BP-FF), where the median number of bins was between
7% and 20% lower than for the remaining heuristics. Similarly, the median number of completely filled bins for BP-FF was over 10% higher than for the second
best heuristic, and about eight times higher than for the worst heuristic. In
some cases results were not as astonishing. But, there was always some benefit. Consider easy-to-solve instances for the worst fit heuristic, and hard-to-solve
instances for the best fit heuristic. In the former, the heuristic allowed for near
zero average waste. In the latter, the heuristic was the only one unable to achieve
near zero average waste. This means that, through our approach, one can find instances with specific behaviors without the need for exhausting all combinations
of elements, nor deriving mathematical expressions that relate the items.
Also worth noting is that as difficulty increases, instance location within
the feature domain shifts. For example, for the first fit and best fit heuristics,
instances shifted from right to left and upwards. However, for the worst fit and
almost worst fit, they migrated from left to right and downwards.
Regarding the final batch of tests, we can conclude that our proposed model
can adapt to different kinds of situations. In this case, it was able to evolve instances where solvers exhibited a high variation on their performance, generating
gaps of average waste of about 33%. Moreover, it was also able find configurations where all solvers performed exactly the same, representing the region of
the feature space where it becomes unnecessary to select a specific heuristic.
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