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Abstract
This thesis addresses the challenge of automating optimal grasping point genera-
tion for robotic manipulation in unstructured environments. Traditional industrial
robots rely on manually defined grasping points, limiting their flexibility and effi-
ciency when handling diverse components with varying geometries and positions.
To overcome this, an algorithm is developed to analyze CAD files of objects and
generate optimal grasping points tailored to different robotic end-effectors, includ-
ing suction cups, sponges, and grippers. The method involves creating an initial
dataset of potential grasping points by analyzing the geometry extracted from CAD
models. These grasping points are then filtered based on tool-specific constraints
such as surface flatness, accepted torque, and accessibility to ensure successful and
stable grasping. The algorithm’s effectiveness is validated through visualizations
(and to a lesser degree simple simulations) of generated grasping points on various
objects of differing shapes and sizes. The developed algorithm reduces the need for
human intervention, improving the automated production line, and lays the foun-
dation for increased automation in the future.

Keywords: Robotics, CAD analysis, Automated grasping, Automated tool selec-
tion, Robotic manipulation, Unstructured environments, Robotic Grasping, Suction,
Gripper, Sponge tool.
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1
Introduction

Manufacturing is undergoing a signi�cant transformation driven by the demand for
customized products and compliance with diverse international standards[2],[3]. In
some modern factories, such as Volvo Trucks, this transformation is apparent in the
e�orts to balance product diversity with production e�ciency.

Historically, traditional industrial robotics has played a key role in automation.
These robots are operated in highly structured environments with rigid assump-
tions: workspace was �xed, objects were always located in the same positions, and
tasks were executed through prede�ned joint trajectories. Operators would manu-
ally de�ne the joint values and the time intervals between waypoints, assuming that
each part handled was delivered to a �xture at a known and repeatable location.
Because the environment did not change and because there was no vision or per-
ception involved, this approach worked well, although limited to operate only under
highly controlled conditions[4].

However, such systems are increasingly inadequate in today's dynamic manufactur-
ing contexts[2]. Traditional robots struggle to adapt when the environment becomes
unstructured or when the variety of parts increases beyond what manual program-
ming can handle. Moreover, any change in part geometry or position typically
requires a human operator to reprogram the robot, introducing delays and ine�-
ciencies. These systems also lack �exibility, are time-consuming to maintain, and
often require substantial human oversight for recon�guration.

As manufacturing shifts toward smaller batch sizes and higher product variability,
there is growing interest in collaborative robotic systems where robots work safely
alongside humans[5]. One key application of collaborative robots is bin picking:
selecting and manipulating parts from randomly organized bins. This task requires
a robot to perceive and adapt to unknown object locations and orientations, unlike
traditional setups where everything is �xed. Vision systems and intelligent software
are critical to enabling robots to detect objects, locate them in a 3D space, and
compute how to grasp them.

This thesis focuses on a particularly challenging subset of that domain: unstructured
environments where no �xtures or dispensers are used, and where objects have un-
known poses and positions. In such scenarios, the robot cannot rely on assumptions
about initial conditions. Instead, it perceives the environment using vision systems
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1. Introduction

and sensors, determines the location and orientation of objects, and calculates how
to move its arm accordingly using inverse kinematics. This enables the robot to
achieve Cartesian positioning; knowing exactly where its end e�ector is and how to
orient it to perform a successful grasp[6].

The core problem addressed in this thesis is the generation of grasping points on
speci�c locations on an object where a robot can reliably grip. Currently, these
grasping points are manually de�ned by human operators for each part, which is
time consuming, error prone, and unsustainable given the increasing diversity of
components in modern production. To address this, the project proposes an auto-
mated pipeline that analyzes Computer-Aided Design (CAD) models of parts and
outputs a set of prede�ned picking points suitable for robotic grasping[6].

By automating the generation of these grasping points, the system reduces the
dependency on manual con�guration and enhances the adaptability of collaborative
robots in unstructured settings. This is a crucial step toward achieving scalable and
�exible automation in modern manufacturing environments where speed, reliability,
and reduced human intervention are paramount.

1.1 Purpose

As previously mentioned, traditional robotic manipulation solutions rely on prede-
�ned grasping strategies that work well in structured environments, but struggle
with the complexity and variability of modern production demands. Challenges
arise especially in tasks such as pick-and-place operations, shown in �gure 1.1, where
robots must handle a wide variety of parts with di�erent geometries and orientation.
In these settings, reliable grasp planning becomes essential. The increasing diversity
of components and the unpredictability of storage methods require a more adaptive
approach[6].

Figure 1.1: Collaborative bin picking by an industrial robot[7]. Redistributed with
permission.

The objective of this project is to develop an algorithm that, given an object's CAD
�le as input, automatically determines and exports the object's optimal grasping
points. The development of such an algorithm is a critical component in automating
the pick-and-place tasks done by robotic arms as the production industry requires
innovative solutions that enhance both productivity and operational �exibility.

2



1. Introduction

1.2 Scope

The developed algorithm should have the following qualities:

ˆ There should be no limit on the number of objects or tools that can be pro-
cessed. This ensures that the system can scale e�ectively, managing a wide
variety of objects without performance degradation.

ˆ The algorithm should be able to handle new objects that have not been seen
before.

ˆ The algorithm should allow for an easy way to add new tools and end-e�ectors.

ˆ The algorithm is not bound by a set run-time limit, meaning increasingly
complex objects are allowed to take increasingly more time to process. That
said, the algorithm will be developed to keep run-time reasonably close to the
minimum allowed by chosen software.

As the focus of this project lies exclusively on the development of the algorithm for
grasping point generation and optimal tool selection, the project is bound by the
following constraints:

ˆ The algorithm does not receive any feedback or data from the robotic system.
This limitation prevents real-time analysis, meaning the algorithm cannot ac-
count for rotation and location of objects in real life. All grasping points are
produced solely from the CAD �les with respect to the tools and objects at
hand.

ˆ The algorithm is limited solely to processing and analyzing CAD �les in the
Standard for the Exchange of Product model data (STEP)(.stp �le exten-
sion) format and tool speci�cations must be provided in a JavaScript Object
Notation (JSON)(.json �le extension) �le following a pre-de�ned template.

ˆ The project does not include integration with or control of robotic hardware.

1.3 Thesis Questions

The following three questions guide the method in this thesis:

ˆ How can the geometry of CAD �les be analyzed and extracted by written
code?

ˆ How can the extracted data be used to �nd optimal grasping points for a set
of di�erent robotic tools?

ˆ How can these grasping points be ranked in order from the most optimal to
least optimal?

3



1. Introduction
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2
Background

2.1 Literature review

Today, a common manual approach involves the use of a gripping library, where
experienced operators identify optimal grasping points and select appropriate tools
from a prede�ned set[8]. Although e�ective, this method is time-consuming, requires
specialized expertise, and is prone to delays[9]. Moreover, in facilities such as Volvo
Trucks that handle a high number of unique and specialized parts, the process
of determining grasping points and selecting tools must be frequently revisited to
handle evolving designs and speci�cations[5].

A more recent approach that has shown promise utilizes reinforcement learning (RL)
to solve robotic pick-and-place tasks and involves integrating traditional control
methods (such as Rule-Based systems) with reinforcement learning algorithms[10].
This combination allows robots to execute desired operations without the need for
manually de�ned grasping points. However, reinforcement learning requires signi�-
cant amounts of labeled data, which would have to be provided by human employees,
making it ine�ective at reducing the work load on employees.

Computational algorithms have been proposed to optimize grasp strategies for mul-
tiple objects. For instance, the Object Common Grasp (OCOG) algorithm con-
�gures grasping for sets of planar objects by mapping possible grasps that satisfy
force-closure and quality criteria[9]. While this approach demonstrates the feasibil-
ity of computational grasp optimization, handling diverse parts in more complex,
unstructured environments still requires further development.

An alternative strategy is to leverage detailed CAD models for grasp planning.
A tool called "GraspIt!" uses CAD data to create accurate representations of both
objects and robotic hands[11]. By processing these CAD models, the system extracts
the object's surface geometry and identi�es regions where the robot's �ngers can
make contact. This method is invalid as the project was developed back in 2009,
with only minor �xes since, meaning it lacks new technological developments. It has
also seemingly been abandoned since 2021, which causes compatibility issues.

Another method, MoveIt previously attempted to ful�ll this project's niche but has
since been discontinued. Moreover, MoveIt Grasps is exclusively built on ROS1, a
framework currently being phased out, and it lacks implementation of more modern

5



2. Background

methods and functionalities. Similarly, GraspIt!, also relies on outdated techniques
and does not speci�cally cater to systems based purely on static CAD �le analysis.
Other related approaches currently available primarily focus on live data processing
from sensors leaving the speci�c area of static CAD analysis lacking.

Despite the existence of various related projects and solutions, this thesis addresses a
speci�c niche within robotic grasping point generation. The primary distinguishing
factor of this project is its ability to operate solely by analyzing static CAD �les,
without relying on live sensor data or real-time feedback from a robotic system.

Due to this, this thesis contributes by o�ering a solution that focuses exclusively on
CAD-based grasping analysis avoiding the limitations associated with outdated or
deprecated software.

2.2 Ethics

The main ethical con�ict when developing means of automation, including the gener-
ation of grasping points, is a�ecting job opportunities within the existing workspace.
Should the grasping point generation be successfully automated, these employees
could end up jobless unless preventative measures are taken. These preventative
measures could include investments in re-education, not only from companies uti-
lizing automation, but also governments, to ensure employees can be seamlessly
re-assigned[12]. Another possibility could be to develop a framework for limiting
automated systems to always require human supervision, even if the system is the-
oretically powerful and robust enough to self-supervise. However, given the high
competitiveness of the manufacturing sector, this may prove di�cult.

Re-assignment is also not a perfect solution to prevent the risk of increased unem-
ployment, as one must not underestimate the impact it can have on an individuals
daily routine. For many, work has deeper meaning than the �nancial bene�t, in that
it gives feelings of belonging to a community and a sense of self-worth in the skills
that the individual has learned[12]. Too frequent re-assignment could destabilize the
working environment, leading to increased stress, which is proven to be detrimental
to employees mental health and, by extension, work performance[13].
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3
Method

3.1 Overview

The algorithm developed in this project is divided into four parts:

ˆ Point generation

ˆ Tool-based point �ltering

ˆ Computation of the approach orientation

ˆ Grasping Point evaluation and ranking

The point generation data set is created once and used in parallel across all tools,
generating a new set of points for each tool. The resulting point sets are then ranked
based on their estimated grasp quality. The general workings of the algorithm from
start to end are visualized in �gure 3.1

Figure 3.1: Flowchart of the algorithms di�erent steps and processes.

The tool �lters are designed to work with three types of tools: suction cup, gripper,
and sponge, shown in �gure 3.2a, 3.2b and 3.2c respectively. Each tool can be
customized by adjusting parameters to create new variations of the tool, i.e. a
suction cup of a di�erent diameter. The given tool parameters are central to the
�ltering constraints.
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