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A B S T R A C T

The rapid advancement of industrial robotic automation has increased the significance of online 3D bin packing
optimization for applications, like palletization and container loading. Despite numerous learning-based
methods emerging for informed decision-making in this process, the absence of a standardized benchmark
makes it challenging to experience the process and validate new algorithms. To bridge this gap, we introduce
DeepPack3D, a software package that integrates deep reinforcement learning and constructive heuristic
approaches for online 3D bin packing optimization. DeepPack3D provides a foundation for benchmarking,
allowing users to evaluate performance using customizable item lists and lookahead values, thereby facilitating
consistent research advancements.
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1. Motivation and impact

The advent of industrial robotics has revolutionized supply chain
operations, automating traditionally labor-intensive tasks such as or-
der packing, palletization, and container loading [1,2]. This transfor-

ation not only enhances operational efficiency but also optimizes
space utilization, driving a surge of interest in online 3D bin pack-
ng optimization. Effective bin packing algorithms facilitate informed
ecision-making processes, even with limited prior knowledge, thereby
ddressing critical challenges in dynamic and complex environments.
li et al. [3] identified key obstacles in solving online 3D bin packing
roblems, primarily focusing on eliminating the improvement phase
uring the packing process. They highlighted two main streams of
olution algorithms: constructive heuristics and machine learning-based
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methods. Given the high complexity and significant industrial value of
online 3D bin packing optimization, recent research has increasingly
explored these approaches to develop more efficient and scalable so-
lutions. For instance, Zhao et al. [4] introduced a constrained deep
reinforcement learning (DRL) method tailored for online 3D bin pack-
ing optimization. Their approach accounts for factors such as lookahead
items, multi-bin packing, and item orientation, demonstrating that
DRL can effectively learn optimal policies for sequential decision-
making tasks in this domain. Similarly, other studies have pursued
algorithmic advancements to enhance space utilization in online 3D
bin packing [5,6], further validating the potential of machine learn-
ing techniques in overcoming traditional limitations. Moreover, Tsang
et al. [7] extended the bin packing framework to accommodate the
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Fig. 1. Framework of DeepPack3D.

simultaneous packing of two bins, thereby supporting more flexible
robotic palletization processes in warehouse settings. Their study not
only provided a DRL-based solver but also incorporated solutions from
arious constructive heuristics, including Bottom Left (BL), Best Area

Fit (BAF), Best Short Side Fit (BSSF), and Best Long Side Fit (BLSF).
These heuristic approaches, originally developed for two-dimensional
rectangle bin packing [8], were adapted to address the additional
omplexity introduced by three-dimensional spaces and concurrent bin

packing requirements. The substantial industrial value derived from
hese research endeavors underscores the necessity for standardized
nd comparable baselines. Such benchmarks are crucial for evaluating

the performance of emerging solution algorithms and fostering further
innovation in the field.

In response to this need, we present DeepPack3D, an open-source
Python package designed to implement DRL approaches and four key
onstructive heuristics (BL, BAF, BSSF, and BLSF) for online 3D bin
acking optimization. DeepPack3D is freely accessible to researchers
nd developers, providing a versatile tool for experimentation and
evelopment in this critical area of supply chain management. In a
utshell, DeepPack3D offers several key features, such as the following:
irstly, users can easily adjust the lookahead value to tailor the opti-
ization process to specific online scenarios. Additionally, item lists

an be generated randomly or input manually, allowing for flexibility in
esting various packing conditions and constraints. Secondly, it includes
wo pretrained DRL models with lookahead values of 5 and 10 to
emonstrate practical utility. Lastly, the package visualizes the bin-
acking process through images, enabling users to comprehend items’
patial arrangement and orientation within the bins.

Consequently, the impact of DeepPack3D can be summarized into
wo primary facets. On the one hand, by offering an accessible platform,
eepPack3D enables students, junior researchers, and practitioners to

ntuitively grasp the application of DRL and constructive heuristics in
olving online 3D bin packing problems. Researchers can train new
RL models using diverse item lists and varying lookahead values,

acilitating the exploration of different optimization scenarios. On the
ther hand, it serves as a standardized baseline for evaluating the per-
ormance of advanced solution algorithms. Researchers and developers
an leverage DeepPack3D to save time and resources otherwise spent
n replicating existing research frameworks.

2. Design of DeepPack3D

The concepts and application scenarios of the proposed DeepPack3D
ptimizer in autonomous robotic warehouses can be referred to in the
ork [7]. This paper focuses on the implementation of the software
odules within this optimizer, each aligning with the pipeline stages of
 robotic palletization system. As shown in Fig. 1, the modules operate

within a 3D coordinate system. Each cargo item is represented as a
cuboid by its width, height, and depth dimensions. The container space
where the cuboids are placed is another larger bounded cuboid. The
cuboids are placed in the container space by x, y, and z coordinates,
anchoring the position of the left-bottom-front corner of the cuboid
relative to the container’s origin.

2.1. 3D Bin Packer in the environment

The first module of the software is the 3D Bin Packer module,
which is the environment in the context of the reinforcement learning
framework. The module consists of three main components working
collaboratively to achieve a goal. The primary function of this module
is to simulate the placement of items as 3D cuboids within the container
space with practical constraints, such as the non-overlapping constraint
and the bottom support constraint, to prevent the items from floating
in mid-air.

2.1.1. Conveyor simulator
The Conveyor Simulator component generates the dimensions of

3D cuboids given an underlying distribution of standard cargo sizes.
This component mirrors the palletization process in warehouses, where
the complete list of cargo sizes is not known in advance. Instead, the
workers can only observe several incoming cargos and make place-
ment decisions on site. In an automatic robotic warehouse, the cargo
dimensions are measured at the beginning of the conveyor. It provides
real-time data of limited lookahead information to the robotic system
to support its placement strategy. The conveyor simulator allows the
robotic arms to pick the best candidate cargo within their reach. This
flexibility significantly improves compactness because robotic arms can
only place cargo from the top rather than from the side. Therefore, the
sequential placement of cargo is crucial, as poor choices can obstruct
subsequent placements.

2.1.2. Box geometry
Before cargos approach the robotic arms, their dimensions as 3D

cuboids are measured by a dimension measurement device. The Box
Geometry component declares the position and dimension attributes of
a 3D cuboid and implements the geometric set operations required for
3D bin packing. The geometric set operations, including intersection,
difference, and complement in 3D space, are extensively utilized in
the space partitioning algorithm. The Box Geometry component imple-
ments these set operations as a building block for the space partitioner.
More importantly, it performs the non-overlapping and bottom support
checks to support the practical constraints.

2.1.3. Space partitioner
The Space Partitioner component implements the maximal cuboids

algorithm for non-guillotine space partitioning. This component facil-
itates the placement of cuboids into the container space. It maintains
a data structure that represents the occupancy state of a cuboid space.
The data structure supports non-discrete coordinates when the space is
partitioned along the axes. These features perfectly align with the cargo
loading operations in the robotic palletization process. In addition to
the space partitioning algorithm, this component generates the height
maps as the observation state of the reinforcement learning and renders
the placed cuboids for visualization.
2
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Fig. 2. Illustrative example of the package.

2.2. Item placer as the agent

The Item Placer module served as the agent to provide bin pack-
ing decisions, where DRL-based solver and constructive heuristics are
provided [7]. Its primary function is determining the coordinates of
item placement of the incoming cargo. The Item Placer can allow
robotic arms to rotate the items by any combination of axes to fit the
noccupied space better. This strategy aligns with the capabilities of

robotic arms.

2.2.1. DRL-based solver
The DRL-based solver is implemented using DQN models. The mod-

ls take the dimensions of incoming items as the user’s input and
enerate placement decisions that rotate the item cuboid and place
t in an unoccupied space. The Bin Packer environment maintains an
nternal space representation for the state inputs. Before deployment,
he DRL-based solver must be trained with a predetermined lookahead
alue. The DRL-based solver interacts with the 3D Bin Packer envi-
onment, which provides a reward for evaluating the quality of an
ction. The solver agent randomly explores possible actions that lead
o higher rewards. Once the solver has been trained, the solver can
erform inference without the reward feedback loop and is ready for
eployment. The DeepPack3D package includes a pre-trained model for
ookahead value of 5, i.e. 𝑘 = 5, for test runs.

2.2.2. Constructive heuristics
In addition to the DRL-based solver, the DeepPack3D package in-

cludes a set of constructive heuristics to perform 3D bin packing
decisions. These heuristics offer faster inference time but prone to sub-
optimal solutions with lower space utilization. There are four heuristics
vailable: Bottom Left (BL), Best Area Fit (BAF), Best Short Side Fit

(BSSF), and Best Long Side Fit (BLSF). To ensure a fair comparison,
the heuristics and the DRL method operate under the same problem
constraints and simulation environment.

3. Illustrative example

DeepPack3D is developed in Python and optimized for GPU-enabled
environments, particularly when utilizing reinforcement learning meth-
ods. This setup ensures faster training and inference times. The soft-
ware offers flexibility by allowing execution via the command line for
standalone operations or by being imported as a library into Python
scripts, facilitating integration into customized workflows. Such ver-
satility enables seamless incorporation with warehouse management
systems, robotic controllers, and simulation environments. By default,
DeepPack3D operates with a container size of (32, 32, 32) units and
generates items with dimensions ranging from (6, 6, 6) to (12, 12,
12) units if the conveyor simulator is configured. Developers requiring
different configurations can modify the parameters in the code as
needed.

DeepPack3D can be used either via the command prompt or by im-
porting the package in Python as shown in Fig. 2. The command prompt
option provides a convenient way to obtain results without modifying
the code, while the imported package offers greater flexibility and an
interface for integration into existing systems.

During inference, DeepPack3D determines the placement decision,
specifying the selected item along with its rotation and position. If
the visualization flag is enabled, the software generates step-by-step
snapshots of each item’s placement into the container, as shown in
Fig. 3.

4. Conclusion

This work has made strides in advancing online 3D bin pack-
ing optimization by providing a freely-accessible Python-based tool,
i.e. DeepPack3D, that leverages deep reinforcement learning and con-
structive heuristics. It is convenient for users to learn the online 3D
bin packing optimization process, and compare the space utilization
performance with newly designed solution algorithms. Moreover, its
potential in commercial settings underscores its practical value in lo-
gistics and warehouse management companies integrating DeepPack3D
into automated systems for tasks, such as palletization and container
3
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Fig. 3. Visualizations of the step-by-step placement of items into the container.

loading. Despite its potential, DeepPack3D faces certain limitations that
present opportunities for future development. Currently, the software
requires GPU-enabled environments to fully harness the capabilities of
reinforcement learning, which may present accessibility challenges for
smaller enterprises or educational institutions with limited resources.
Future improvements could include optimizing the software for CPU-
based environments to broaden its accessibility, integrating real-time
data feeds to enable dynamic and adaptive packing strategies, and
expanding the range of customizable parameters to accommodate a

ider array of industrial scenarios.
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