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ABSTRACT
We propose a modular metaheuristic framework based on random-key encoding to solve

both the one- and two-dimensional Variable-Sized Bin Packing Problem (VSBPP). The VSBPP
generalizes the classical bin packing problem by allowing bins of different sizes and associated
costs to minimize total packing cost. Our method separates the optimization engine from problem-
specific constraints via dedicated decoders and incorporates the No-Fit Polygon and Bottom-Left
placement rules to address geometric feasibility and item rotation cuts in the 2D case. We bench-
mark the approach against state-of-the-art algorithms using four standard datasets. The proposed
framework achieved average cost gaps of 0.15% to 0.40% for 1D instances and of 9.4% to 19.4%
for 2D instances—closely approaching the performance of exact methods while using only 600 sec-
onds of runtime. These results confirm the framework’s flexibility, computational efficiency, and
applicability to complex real-world packing problems.
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1. Introduction
Cutting and packing problems are classical combinatorial optimization challenges with

widespread applications in industries such as aerospace, automotive, and manufacturing. One of
the most studied variants is the Bin Packing Problem (BPP), where the objective is to pack items
into a minimum number of fixed-size bins. The BPP is NP-hard [Garey and Johnson, 1979].

A generalization of the BPP is the Variable-Sized Bin Packing Problem (VSBPP), in
which bins have different capacities and associated costs. The objective becomes minimizing the
total computational cost rather than the number of bins used. In its two-dimensional version (2D-
VSBPP), both items and bins are rectangles, with additional spatial constraints such as item rotation
[Pisinger and Sigurd, 2005].

Traditional methods often couple optimization logic with problem-specific constraints,
limiting adaptability [Lodi et al., 2002b; Pisinger and Sigurd, 2007; Bortfeldt, 2013; Gomes and
Resende, 2015]. This paper introduces a modular framework based on the Random-Key Optimizer
(RKO) architecture [Chaves et al., 2024], which decouples the metaheuristic engine from decoding
logic, enabling reuse and flexibility. Our approach integrates geometric feasibility through No-Fit
Polygon (NFP) [Albano and Sapuppo, 1980], Inner-Fit Polygon (IFP)[Bennell and Oliveira, 2008],
and Bottom-Left (BL) placement [Baker et al., 1980], while leveraging biased random-key genetic
algorithms [Gonçalves and Resende, 2011].

Exact methods such as branch-and-price [Pisinger and Sigurd, 2005] are effective for
small instances but face scalability issues. Metaheuristics like GRASP and VNS [Hemmelmayr
et al., 2012; Resende and Ribeiro, 2010] scale better but rarely handle complex constraints or real-
world feasibility.

This work contributes:

• A modular RKO framework for 1D and 2D VSBPP;

• Integration of rotation and efficient placement in geometric decoders;

• A comparative evaluation with exact and heuristic methods on benchmark datasets;

• An open-source implementation in Python.

To the best of our knowledge, this is the first modular random-key-based approach applied
to 2D-VSBPP with realistic constraints.

2. Background
2.1. Variable Sized Bin Packing Problems

The classical Bin Packing Problem (BPP) aims to pack a set of items into the minimum
number of fixed-size bins, minimizing unused space. It is well-known to be NP-hard [Garey and
Johnson, 1979]. A generalization of this problem is the Variable-Sized Bin Packing Problem (VS-
BPP), where bins have heterogeneous capacities and associated costs. Instead of minimizing the
number of bins, the goal is to reduce the total cost of the bins used [Coffman Jr et al., 1984;
Kellerer et al., 2004; Epstein et al., 2006].

For the one-dimensional VSBPP (1D-VSBPP), we define items by their lengths, and bins
by their capacities and costs. The task is to assign each item to a bin without exceeding its capacity
and while minimizing the overall bin cost. In the two-dimensional case (2D-VSBPP), both items
and bins are rectangular, introducing spatial layout constraints in addition to the cost minimization
objective [Pisinger and Sigurd, 2005]. The packing of items must prevent any overlap, ensuring
they remain entirely within the boundaries of the bin. These additional constraints significantly
increase the complexity.
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Both versions of the VSBPP generalize the classical BPP and appear in practical applica-
tions such as cutting stock in manufacturing, packaging of irregularly shaped products, warehouse
storage optimization, and logistics planning [Dyckhoff, 1990; Wäscher et al., 2007].

2.2. Random Key Optimizers
Random Key Optimizers (RKO) are continuous-domain search methods designed to tackle

hard combinatorial optimization problems. The core idea is to encode a solution as a vector of real-
valued keys in the interval [0, 1), known as random keys. A problem-specific procedure, called
a decoder, decodes these keys into a feasible discrete solution [Chaves et al., 2024]. This decou-
pling of the optimization engine from the problem structure allows the use of generic metaheuristics
across multiple problem domains.

Various metaheuristics have been adapted to operate over random-key representations. In
this work, we employ three widely used approaches:

• The Biased Random-Key Genetic Algorithm (BRKGA) [Gonçalves and Resende, 2011]
is one of the most prominent RKO variants. It introduces a structured mating strategy that
favors elite solutions and maintains diversity via biased parent selection.

• Variable Neighborhood Search (VNS) is a trajectory-based method that explores multiple
neighborhoods with key-specific perturbations.

• Iterated Local Search (ILS) is a method that alternates local improvement and global per-
turbations.

2.3. Overlap Analysis
In two-dimensional cutting and packing problems, overlap detection is essential for con-

structing feasible solutions. The literature commonly employs two key techniques: the No-Fit
Polygon (NFP), which checks for overlaps between pieces, and the Inner-Fit Polygon (IFP), which
verifies that a piece fits entirely within the bin.

2.3.1. No-Fit Polygon (NFP)
The No-Fit Polygon (NFP), introduced by Art Jr [1966] and later formalized by Albano

and Sapuppo [1980], is particularly effective for handling irregular (non-rectangular) items. Given
two polygons A and B, the NFP, denoted as NFP(A,B), defines the region where placing A would
result in an overlap with B, assuming the reference point of A lies within the NFP. This transfor-
mation reduces the overlap detection problem to a simple point-in-polygon test.

2.3.2. Inner-Fit Polygon (IFP)
While the NFP addresses inter-item overlaps, it does not guarantee that an item remains

within the bin’s boundaries. To ensure containment, the Inner-Fit Polygon (IFP), denoted IFP(A,S),
is defined for item A against the container polygon S.

The Inner-Fit Polygon (IFP) extends the concept of the No-Fit Polygon (NFP) introduced
by Art Jr [1966], offering a geometric method for determining feasible internal placements in pack-
ing and nesting problems. Bennell and Oliveira [2008] provided a key tutorial on NFPs and IFPs,
while Burke et al. [2007] later introduced robust algorithms for NFP generation. These techniques
are widely used in industries such as textiles, sheet metal, and shipbuilding to optimize material
usage.

To ensure the feasible placement of a new item A within a container without overlap-
ping previously placed items {Bi}, one must consider both the spatial constraints imposed by the
container and the existing objects. This is effectively modeled by computing the geometric dif-
ference of two key geometric constructs: the Inner Fit Polygon IFP(A,S), which delineates all
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positions where A fits entirely within the container S, and the complement of the No-Fit Polygons
NFP(A,Bi), which represent all positions where A would overlap with an already placed item Bi.
The set difference

Feasible(A) = IFP(A,S) \
⋃
i

NFP(A,Bi) (1)

thus defines the complete set of positions where item A may be placed such that it is both fully
contained and does not overlap with any Bi. This geometric difference is a non-trivial geometric
operation but has been rigorously studied and applied in industrial contexts. A detailed exposition
of this technique and its geometric underpinnings is provided by Mahadevan and Daniels [1991],
who demonstrate the practical use of IFP and NFP difference for irregular part placement.

2.4. Placement Rules
Once the feasible region for placing an item within a bin has been identified, many valid

positions may remain. Evaluating all these positions is computationally infeasible, as the underlying
problem is NP-hard. It motivates the use of heuristic placement rules to reduce the search space and
computation time [Coffman et al., 1996]. The most classical rule is Bottom–Left (BL) [Baker
et al., 1980], which selects the lowest and leftmost feasible position. This rule tends to fill the bin
in an organized manner, aiming to maximize the occupied area of each placement.

3. Related Works
The Variable-Sized Bin Packing Problem (VSBPP) has been extensively studied across

different domains. Existing approaches can be broadly categorized into exact methods, heuristics,
and metaheuristics, each with varying degrees of scalability and adaptability.

3.1. One-Dimensional VSBPP
In the one-dimensional case, Epstein and Levin [2007] introduced a classification and ap-

proximation framework that has become a reference. Later, Belov and Scheithauer [2006] proposed
a robust exact algorithm using the branch-and-bound technique.

Haouari and Serairi [2009] developed six heuristics based on set covering and subset sum,
demonstrating strong performance, particularly in large-scale instances. Their set-covering-based
heuristic offered near-optimal results at low cost. Hemmelmayr et al. [2012] extended this line
by proposing a Variable Neighborhood Search (VNS) that incorporated dynamic programming and
multiple neighborhood structures, yielding competitive results under nonlinear cost settings.

3.2. Two-Dimensional VSBPP
For the 2D-VSBPP, exact methods include the branch-and-price algorithm by Pisinger

and Sigurd [2005], which applies Dantzig–Wolfe decomposition and column generation to solve
moderate-size instances to optimality.

Heuristic and metaheuristic contributions include works by Lodi et al. [2002a] and Cung
et al. [2000]. Other hybrid strategies have also been proposed by researchers such as Falkenauer
[2005], Wei et al. [2016], and Zhang et al. [2014]. The latter addressed guillotine cuts with a
combination of simulated annealing and binary search.

Despite this progress, many solutions lack modularity and adaptability to complex con-
straints such as rotation or realistic spatial feasibility. Classical approaches such as GRASP [Re-
sende and Ribeiro, 2010] and traditional VNS require extensive tuning and are often tailored to
specific configurations. Moreover, their reliance on synthetic datasets limits generalization.

Random-key genetic algorithms offer a promising alternative. The seminal work by Bean
[1994] introduced random-key encodings, later refined by Gonçalves and Resende [2011] into
the Biased Random-Key Genetic Algorithm (BRKGA). Gonçalves and Resende [2012] applied
BRKGA to large-scale packing and layout problems. Chaves et al. [2024] proposed the Random-
Key Optimizer (RKO), combining multiple metaheuristics under a modular architecture. While
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RKO has shown success in general combinatorial settings, its use in 2D-VSBPP remains unex-
plored.

To our knowledge, this is the first work to apply a modular random-key-based framework
to the 2D-VSBPP, incorporating constraints such as item rotation and guillotine cuts. This novel
approach aims to bridge the gap between algorithmic flexibility and practical feasibility.

4. Methodology
This section follows the main steps of our RKO approach. This study executed all code

on an Intel i7-9700K CPU (3.6 GHz, 8 cores) with 16 GB of RAM (2400 MHz).

4.1. RKO
We implemented the Random-Key Optimizer (RKO) framework in Python, following the

architecture proposed by Chaves et al. [2024]. This framework provides a modular and problem-
independent design in which solutions are encoded as vectors of N real-valued keys in the interval
[0, 1). A problem-specific decoder interprets these vectors to produce feasible solutions in the
discrete domain.

Our implementation integrates three metaheuristics: Biased Random-Key Genetic Algo-
rithm (BRKGA), Variable Neighborhood Search (VNS), and Iterated Local Search (ILS). Each
operates over the same continuous solution space but uses different search dynamics and pertur-
bation strategies. The RKO framework entirely separates the optimization logic from the problem
constraints, which the decoder encapsulates.

To enhance performance and promote diverse search behaviors, we adopt a parallel exe-
cution model. The three metaheuristics run concurrently, each using two CPU cores (totaling six
cores). Although they operate independently — each with its search state, population (or trajec-
tory), and parameter settings — all metaheuristics asynchronously contribute candidate solutions to
a shared solution pool, as proposed in Chaves et al. [2024].

This shared solution pool serves as a lightweight communication mechanism that enables
indirect cooperation between the metaheuristics. Promising solutions discovered by one method
can influence the search trajectories of others through periodic updates or replacements. At the end
of the execution, the best solution stored in the pool is returned as the final output.

This design combines exploration diversity with parallel efficiency, leveraging both algo-
rithmic complementarity and multicore hardware. We describe the decoders used for the 1D and
2D versions of the Variable-Sized Bin Packing Problem (VSBPP) in the following subsections.

4.2. Decoder for 1D-VSBPP
In our implementation, the random-key vector has a length of 2N , where N is the number

of items to be packed. The vector is split into two equal parts: the first half defines the insertion
order of the items, and the second half determines which bin type to open when needed.

To establish the insertion order, we sort the first N keys in ascending order. Each key
is associated with its original index in the vector, which identifies the corresponding item. The
sequence of original indices after sorting defines the packing order.

The second half of the vector — the remaining N keys — determines the selection of the
type of the bin. For each item, we first attempt to pack it into one of the currently open bins. If
multiple feasible bins are available, we apply a best-fit rule, selecting the bin that maximizes the
utilization ratio:

utilization =
current load + item size

bin capacity
.

If no open bin can accommodate the item, a new bin is opened according to the corre-
sponding key in the second half of the vector. We identify all bin types that can hold the item,
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multiply the key by the number of valid types, and take the integer part as the index of the bin type
to open. This deterministic process ensures feasibility.

This decoding procedure transforms a continuous random-key vector into a valid packing
solution for the one-dimensional VSBPP, allowing the optimizer to evaluate solution quality based
on total bin cost.

4.3. Decoder for 2D-VSBPP
The 2D decoder follows the same high-level structure as in the 1D case, but incorporates

geometric feasibility checks to handle spatial constraints. The random-key vector has a length of
2N, where the first half defines the insertion order and the second half controls bin type selection.

Insertion order is determined by sorting the first N keys, as in the 1D case. However,
when placing each item I , the decoder must also evaluate geometric feasibility. For each open bin
and each allowed rotation angle (0◦ and 90◦), we compute the set of feasible positions:

Feasible(I) = IFP(I, S) \
⋃
i

NFP(I,Bi),

where IFP ensures containment within the bin and NFP prevents overlaps with already placed items.
If feasible positions exist, we select the bin that maximizes space utilization:

utilization =
occupied area + item area

bin area
,

and place the item at the bottom-leftmost feasible coordinate following the Bottom-Left rule.
If the item cannot be placed in any open bin, the corresponding key from the second half

of the vector determines the bin type to open. We identify bin types that can hold the item in at
least one allowed rotation, multiply the key by the number of valid types, and take the integer part
to select the bin type and rotation. Placement then follows the same Bottom-Left strategy.

This decoding procedure generates geometrically feasible packings for the two-dimensional
VSBPP, explicitly enforcing containment, non-overlap, and rotation constraints — making it a di-
rect extension of the 1D logic to the spatial domain.

5. Experimental Methodology
5.1. Datasets

This research employed four datasets for experimental evaluation. The first three were
used to test the 1D-VSBPP, while the fourth dataset was applied to the 2D-VSBPP. As there are few
published instances available for the 2D variation, we adopted the dataset proposed by Pisinger and
Sigurd [2005]. This paper describes the datasets below.

5.1.1. 1D-VSBPP
• Set 1: This dataset comprises 10 instances for each n ∈ 25, 50, 100, 200, 500, where n de-

notes the number of items. Instances follow a linear cost model, defined as Wi = ci, ∀i ∈
1, . . . ,m, with the number of bin types (m) fixed at 3 in all cases. Item weights are uni-
formly distributed in the interval [1, 100]. These instances are those presented in Monaci
[2003]. It should be noted that optimal solutions for all problem cases are known and have
been obtained through exact methods.

• Set 2: The second dataset, proposed by Correia et al. [2008], consists of 150 instances with a
fixed number of bin types (m = 7). The bin capacities are defined as W1 = 70, W2 = 100,
W3 = 130, W4 = 160, W5 = 190, W6 = 220, and W7 = 250. Item weights are randomly
drawn from the interval [1, 250]. As in Set 1, a linear-cost function is applied. The optimal
solutions for these instances are not known.
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• Set 3: Also introduced in Correia et al. [2008], this dataset consists of 150 instances with
m = 7 bin types and the same capacity values as in Set 2. Item weights are randomly
selected from [1, 250]. These instances differ in that a concave cost function is defined as
ci =

⌊
10
√
Wi

⌋
, for i = 1, . . . , 7. Optimal solutions are not known for this set.

• Set 4: The fourth dataset, also from Correia et al. [2008], shares the same configuration
as Sets 2 and 3 regarding the number and capacities of bin types. Item weights are ran-
domly drawn from the interval [1, 250]. This set uses a convex cost function given by
ci =

⌊
0.1 ·W 3/2

i

⌋
. As with Sets 2 and 3, optimal solutions are not available.

5.1.2. 2D-VSBPP

This dataset includes instances with five bin types each. The bin sizes are generated
uniformly according to [W/2,W ] × [H/2, H] where W,H ∈ {10, 30, 40, 100}, and the cost for
each bin type ck is defined as a function of its area WkHk, as specified by

ck =

⌈
10 · 1.2 ·WkHk − 0.2 ·WH

WH

⌉
.

For this work, we used the first four classes presented in Pisinger and Sigurd [2005],
detailed in Figure 1.

Figure 1: Instances considered for Set 4

Class 1 Wk and Hk uniformly random in [1, 10], W = H = 10
Class 2 Wk and Hk uniformly random in [1, 10], W = H = 30
Class 3 Wk and Hk uniformly random in [1, 35], W = H = 40
Class 4 Wk and Hk uniformly random in [1, 35], W = H = 100

5.2. Baselines

For the one-dimensional variable-sized bin packing problem (1D-VSBPP), we adopt as
a baseline the set covering (SC) method evaluated by Hemmelmayr et al. [2012] and proposed by
Haouari and Serairi [2009]. This approach generates a pool of feasible packings using randomized
heuristics and then solves a restricted set covering model to select the best combination. In Hem-
melmayr’s experiments, it showed strong performance, particularly on nonlinear cost instances. In
particular, only the Variable Neighborhood Search outperformed the method. In our experiments,
we compare the RKO-based heuristic directly with this SC method on the same benchmark in-
stances.

For the two-dimensional variable-sized bin packing problem (2D-VSBPP), we use as a
baseline the exact branch-and-price algorithm of Pisinger and Sigurd [2005]. This method applies
Dantzig–Wolfe decomposition with delayed column generation, and its pricing subproblem is a
specialized two-dimensional knapsack formulation. The authors also introduced the widely used
2D-VSBPP benchmark set. Their algorithm remains a state-of-the-art exact method, solving in-
stances with up to 100 items to optimality or providing strong lower bounds. In our experiments,
we compare the solutions of our heuristic with those reported by Pisinger and Sigurd on their bench-
mark set.
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5.3. Metrics
The present study evaluated the quality of the solutions using different metrics for the one-

and two-dimensional variants of the problem.
For the 1D-VSBPP, we evaluated our method based on the gap to the best known solutions

reported in the literature [Hemmelmayr et al., 2012]. Let C be the total cost obtained by our
algorithm, and C∗ be the best known cost for the instance; then the gap is defined as:

Gap =
C − C∗

C∗ × 100%.

For the 2D-VSBPP, we evaluate solution quality using the continuous lower bound L2c

proposed by Pisinger and Sigurd [2005]. This bound estimates the minimum packing cost by
assuming items can be fractionally assigned to bins. It is computed as:

L2c =

⌈
ck0

Wk0Hk0

n∑
i=1

wihi

⌉
c

,

where ck0/(Wk0Hk0) is the lowest cost per unit area among all bin types. Despite being
a relaxation, L2c offers a tight and efficiently computable benchmark for evaluating heuristic solu-
tions. This bound is derived from a Dantzig–Wolfe decomposition and solved via delayed column
generation, providing tight estimates of the optimal cost. The gap is computed as:

GapL2c
=

C − L2c

L2c
× 100%.

These metrics allow for the evaluation of our metaheuristic’s absolute quality and effi-
ciency against state-of-the-art methods under different computational budgets.

6. Experiments
This section presents a comparative analysis of the RKO framework on both 1D and 2D

VSBPP.

6.1. 1D-VSBPP
To assess the performance of our implementation in the one-dimensional case, we evalu-

ated the Random-Key Optimizer (RKO) on three standard benchmark datasets (Sets 1, 2, and 3) and
one adapted two-dimensional set (Set 4), treated as 1D instances. The present study compared per-
formance against the Set Covering (SC) approach proposed by Haouari and Serairi [2009], which
has been widely adopted as a strong baseline, including in the comparative study by Hemmelmayr
et al. [2012].

Table 1 summarizes the average and standard deviation of the cost gap obtained by both
methods across the four datasets. Results show that our RKO implementation, developed entirely in
Python, achieved highly competitive performance, especially since both algorithms were evaluated
under an identical time constraint of 150 seconds per instance.

Table 1: Average gap (%) and standard deviation for RKO and SC on 1D-VSBPP datasets

Dataset RKO (avg) RKO (std) SC (avg) SC (std)

Set 1 0.23 0.22 0.12 0.25
Set 2 0.22 0.50 0.17 0.50
Set 3 0.40 0.12 0.16 0.10
Set 4 0.15 0.14 0.10 0.12
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Despite its general-purpose structure and modular design, RKO yielded near-optimal re-
sults across all datasets. In particular, the gap differences compared to SC were modest, demonstrat-
ing the effectiveness of the random-key approach even in highly constrained scenarios. Notably, for
Sets 2 and 4, RKO matched or approached the SC baseline, even when facing nonlinear cost func-
tions and a greater variety of bin configurations.

These results confirm that our approach is not only flexible but also efficient, delivering
performance comparable with state-of-the-art heuristics from the literature. Furthermore, the fact
that RKO relies on a unified and reusable metaheuristic engine without problem-specific Hardcod-
ing reinforces the strength of its design as a viable alternative for scalable and extensible VSBPP
solvers.

6.2. 2D-VSBPP

To evaluate the performance of our method in the two-dimensional variant of the prob-
lem, we conducted a comparative analysis with the exact branch-and-price algorithm proposed by
Pisinger and Sigurd [2005]. Their approach is the most established exact method for the 2D-VSBPP,
employing Dantzig–Wolfe decomposition, delayed column generation, and integer programming to
obtain tight lower bounds. However, this level of precision comes at the cost of significantly higher
runtime, with their evaluations limited to 3600 seconds per instance.

Table 2 summarizes the average gap (%) and standard deviation achieved by our Random-
Key Optimizer (RKO) with a 600-second time limit, compared to the results reported for the branch-
and-price method in Pisinger and Sigurd [2005].

Table 2: Average and standard deviation of gaps (%) for RKO (600s) vs. Branch-and-Price (3600s)

Dataset RKO (avg) RKO (std) Exact (avg) Exact (std)

Class 1 9.40 3.00 7.87 2.37
Class 2 15.76 6.11 10.57 2.93
Class 3 18.53 3.93 14.14 1.70
Class 4 19.38 3.92 15.49 3.54

Despite being a general-purpose metaheuristic implemented in Python, RKO achieved
highly competitive results, with average gaps consistently within 5–6 percentage points of the exact
approach, and in some cases even closer. These results were obtained in only one-sixth of the
computation time used by the exact method.

The branch-and-price algorithm leverages a robust mathematical programming framework
and is designed to solve instances to proven optimality. However, the overhead associated with its
setup and solution time makes it less practical for large-scale or time-constrained applications.

In contrast, RKO provides a flexible and efficient alternative. Its modular metaheuristic
design, paired with a robust decoding strategy, allowed it to handle complex constraints such as
rotation and guillotine cuts while maintaining solution quality. The relatively low standard devia-
tions observed across instances also indicate that the method is stable and reliable across different
problem classes.

These findings confirm that RKO can serve as a viable heuristic alternative to exact meth-
ods, particularly when solution time is a critical constraint. Its ability to consistently deliver near-
optimal results under limited runtime suggests strong potential for real-world applications in pack-
ing, cutting, and layout optimization scenarios.
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7. Conclusion
This work presented and evaluated a modular Random-Key Optimizer (RKO) framework

tailored for both the one-dimensional (1D) and two-dimensional (2D) variants of the Variable-Sized
Bin Packing Problem (VSBPP). The VSBPP is a significant generalization of the classical Bin
Packing Problem, shifting the objective from minimizing the number of fixed-size bins to reducing
the total cost of bins with varying capacities and associated costs.

A key motivation for this research was addressing the structural rigidity of many exist-
ing solution methods for the VSBPP, where optimization logic is strongly coupled with problem-
specific constraints. This coupling hinders the adaptability and extensibility of these methods to
new variants or the inclusion of realistic constraints such as item rotation or guillotine cuts, often
requiring substantial algorithmic rewrites. The RKO framework directly tackles this limitation. It
achieves this by decoupling the optimization engine from problem-specific constraints through a
random-key encoding and a dedicated decoder, which enhances the approach’s adaptability and
extensibility.

The proposed framework was validated through comprehensive experimental studies on
standard benchmark datasets for both 1D and 2D VSBPP instances.

In the one-dimensional setting, our RKO implementation, using a decoder that manages
item insertion order and bin type selection based on random keys and a best-fit heuristic, demon-
strated highly competitive performance. Compared to the Set Covering (SC) method, a robust
baseline from the literature, RKO achieved average cost gaps ranging from 0.15% to 0.40% across
various datasets, closely approaching the SC’s performance of 0.10% to 0.17%. The results con-
firmed the RKO’s efficiency and robustness, even when handling complex scenarios with nonlinear
cost functions and diverse bin types.

For the two-dimensional VSBPP, the RKO framework employed a decoder that incorpo-
rates essential geometric computations, such as the No-Fit Polygon (NFP) for overlap detection and
the Inner-Fit Polygon (IFP) for containment verification. It supports realistic constraints such as
item rotation (0°and 90°) and utilizes the Bottom-Left placement rule to select feasible positions
within the bin. Benchmarked against an established exact branch-and-price algorithm, the RKO,
despite being given significantly less computation time (600s vs. 3600s), delivered competitive re-
sults. Average cost gaps for RKO were between 9.4% and 19.4%, compared to the exact solver’s
7.9% to 15.5%. The results highlight RKO’s capability to handle the complex spatial and geometric
constraints of the 2D problem while providing high-quality solutions in a practical timeframe.

The RKO framework presented in this work combines performance, generality, and ex-
tensibility. Its ability to deliver near-optimal results within limited computational budgets positions
it as a viable and efficient alternative to traditional heuristics and exact methods for VSBPP research
and real-world applications in packing, cutting, and layout optimization. Furthermore, the provi-
sion of an open-source implementation in Python supports reproducibility and encourages future
extensions of the framework to other complex packing variants and constraints.
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