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 Abstract  

Title: “An Evolutionary Inspired Framework for Grasp Planning Automation on Sheet-Metal 

Parts with Multi-type Grippers” 

Author: Jicmat Andres Ali Tribaldos 

Advisor: Dr. Chiradeep Sen 

Industrial robot-mounted grippers are commonly used in the automotive industry to position, 

manipulate, and immobilize sheet-metal parts during several manufacturing and assembly 

operations. Nowadays, the use of grippers that use two or more different gripping principles 

such as magnets, suction cups, and fingers to accomplish the gripping task is common. 

Automation of the steps involved in the design of these multi-type grippers is essential to the 

timely introduction of new vehicles to the market. The main reason being that production of 

the vehicles cannot start before designing, testing, and building the grippers for its 

components, but the design of the latter cannot start before the design of the former is 

finalized. 

The objective of this research is to develop a framework for automating the grasp synthesis 

of multi-type grippers, a step that has historically been commonly accomplished by 

experienced designers due to the non-trivial nature of selecting the positions of the gripper 

elements in a viable configuration. By automating the grasp synthesis step in the design of a 

robotic gripper, the purpose of this research is to alleviate this problem by cutting a 

significant part of the design of such grippers. A combination of Siemens NX with Siemens 

Knowledge Fusion and Microsoft Excel with VBA is used to generate the option grasp space 

and search for optimal grasps using a variation of the genetic algorithm, respectively.  
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A series of 16 tests conducted in 4 sheet-metal parts was conducted to assess the validity of 

the approach presented here. In all cases, the algorithm was able to produce grasps that had 

better overall fitness than the respective designer-produced grasp used as the benchmark. 

Furthermore, although the runs often produced vastly different configurations, these 

converged to a similar value in overall fitness. This in turn produced a Pareto front of 

optimized grasps from which the designer could choose. The main limitation of this approach 

is that some of the grasps produced lacked adequate stability when compared to the designer-

produced grasp. This is planned to be addressed in the future by including a set of two fitness 

criteria that are biased toward stable grasps. 
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Chapter 1 

Introduction 

1.1 Overview of Gripper Design and Grasp Planning 

In the industry, robot-mounted grippers are commonly used to position, manipulate, and 

immobilize workpieces during manufacturing and assembly processes. Although they share 

the same purpose, gripper elements come in a variety of sizes and shapes that work with a 

vast array of working principles. For example, suction cups create a vacuum between them 

and the workpieces which generate a force that holds the latter in place. On the other hand, 

magnetic grippers use magnetism to hold onto ferromagnetic parts, while finger grippers use 

their form and/or friction to do so. Several other gripping principles exist such as needle 

grippers, Van der Waals force grippers, Bernoulli grippers, etc. A sample of these principles 

and more are shown in Figure 1 below. 
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Figure 1: Gripping Principles 

Gripper design focuses on selecting, arranging, and connecting these gripper elements into 

a complete system with which robotic arms can be equipped. The selection in itself is not 

trivial as several considerations ranging from workpiece characteristics, environmental 

conditions, manufacturing tasks, etc. should be considered. Moreover, the positioning of 

these gripper elements is often another challenge for optimization, as it determines several 

aspects of the manipulation such as residual moments, stability of the workpiece, and others. 

These and other reasons are the grounds why gripper design has been historically done by 

experienced designers [1]. 

The design, validation, and building of these industrial robotic grippers is a vital step in the 

introduction of any product that uses custom gripping systems in its manufacturing 

processes. Since the production cannot start before the gripping systems are finalized, but 
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the design of the latter can only begin when the product’s design is finalized, there is a clear 

need to hasten the development of these systems.  

Perhaps the most important step in gripper design consists of grasp planning or grasp 

synthesis. To grasp, as defined in [2], is given in two ways: 

1. “Grasping an object is exerting force and moment on an object, to move it or to keep 

it in stable equilibrium.” 

2. “Grasping is also constraining the motion of the object by a set of contacts.” 

Creating a grasp for a workpiece involves then constraining its movement with a set of 

gripper elements arranged in a way such that the exerted forces balance the outside forces, 

such as the weight of the object. Grasp planning is the step that systematically finds the 

positions for the gripper elements that allow the grasping constraints to be satisfied. This 

research is concerned with accelerating this step by partially automating its processes. 

1.2 Motivation and Anticipated Impact of the Research 

There are two main motivations for this research. The main one is to accelerate the grasp 

synthesis process to reduce the time it takes to design robotic grippers. Although this relates 

directly to the gripper design, the actual impact has a bigger scope. By reducing this time, 

the production of the main workpieces can start earlier. Therefore, essentially reducing the 

time to take a product, such as a car, from design to market. 

The second main motivation of this research is to develop a tool to aid gripper designers in 

systematically finding good solutions and optimizing existing ones. This is accomplished by 

incorporating the expert knowledge of designers into the algorithm in the form of fitness 

functions. This not only results in increasing the efficiency of a designer but also prevents 

the attrition of this knowledge by safeguarding it in software. Thus, keeping it even after the 

experts leave. 
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The long-term impact that this research ought to achieve is to pave the way to integrate this 

evolutionary method as a built-in grasp synthesis module for commercial CAD packages. 

By developing this tool in a commercial platform such as Siemens NX and Microsoft Excel 

via Visual Basic for Applications, the gap between academia and industry is relatively short. 

1.3 Research Questions, Hypothesis, and Tasks 

This section presents the research questions considered in this work. Each question is 

complemented by a hypothesis that was tested by the described task immediately following 

it. The described tasks are accompanied by the respective sections associated with them. For 

ease of reading, the questions, hypotheses, and tasks are organized in Table 1 below. 
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Table 1: Research Questions, Hypotheses, and Tasks 

RQ-1. 
Can an evolutionary approach for grasp synthesis lead to viable configurations 

of multi-type grippers? 

 RH-1.   Yes, an evolutionary approach for grasp synthesis can lead to viable 

configurations of multi-type grippers. 

 T-1.    Design and implement an evolutionary algorithm to produce grasp 

configurations for multi-type grippers (Chapter 4 and Chapter 5). 

RQ-2. 
How does the approach behave when combining all fitness criteria described in 

this work? 

 RH-2.   Combining all fitness criteria described in this work would cause the 

approach to produce grasps that approach an optimized Pareto front of 

the fitness criteria 

 T-2.     Run tests combining the fitness criteria and compare the normalized 

combination of fitness values from each optimized grasp (Chapter 6). 

RQ-3. 
How do grasp solutions starting from a random grasp configuration compare to 

others starting from a user-defined grasp? 

 RH-2.    Runs starting from a random grasp configuration will result in overall 

fitness close to the grasps starting from a user-defined grasp. 

 T-2.        Using the same test set up run the algorithm in pairs, one starting with 

a random grasp configuration and the other starting from a user-defined 

grasp (Chapter 6). 

1.4 Research Approach and Key Findings 

To create optimized grasps with multi-type grippers, this research developed a framework 

that is divided into three main parts. The first part is a gripper fitment automation program 

implemented in Siemens NX with the Siemens Knowledge Fusion programming language. 

This program is incorporated in the NX interface as a set of dialog boxes in the ribbon that 

allows the user to select the solid model considered for the grasp analysis. The dialogs also 

allow the user to specify the faces for grasping, select the gripper elements from a database 

of commercially available suction cups and magnets, and specify the resolution of the option 

space. The program then creates the design option space with all the possible positions to 

place the respective gripper elements based on the constraints each type has.  
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The option space created in NX is then transferred to the second part of the framework, a 

genetic algorithm, which is implemented in Microsoft Excel through the VBA programming 

language. Starting from either a user-defined grasp or a random grasp, the GA optimizes the 

initial grasp through the generations using the mutation operator, elitism, and guidance from 

a combination of five fitness criteria and two constraints. The fitness criteria used are the 

total residual moment of the grasp, the total cost of gripper elements used, the deviation from 

the ideal deflection polygon and the gripper structure size approximation used to hold the 

elements. These are combined in a single fitness criterion called the divergence, which is a 

value of how much the grasp diverges from an idealized grasp with the goals of each 

criterion. The two constraints used to ensure a valid grasp are the minimum FOS of safety 

against weight, and the minimum distance between gripper elements.  

After the GA produces an optimized grasp, the respective chromosome can be taken to the 

third part of the framework also implemented in NX. Using the same dialog boxes, the user 

transferred the optimized chromosome, and the program produces the solid models of the 

respective suction cups and magnets, and the gripper structure approximation from the 

corresponding fitness criterion. This allows the user to visualize the grasp configuration 

created by the framework.  

To assess the validity of the framework, a series of 16 runs with 4 sheet-metal specimens 

were conducted. An option space was created for each specimen which was then subjected 

to two scenarios, one starting from a random chromosome, and another starting from a user-

defined chromosome. Each scenario was run twice to account for the stochastic nature of the 

GA. In all 16 cases, the algorithm was able to improve the overall fitness of the initial grasp 

enough to surpass the corresponding fitness of a matching designer-produced benchmark. 

Throughout the testing, the only criterion that was not always improved was the residual 

moment, while the criteria driving the increase of overall fitness were the structure 

approximation and deviation from the ideal polygon. Moreover, regardless of the scenario 

chosen, all resulting solutions converged to a similar overall fitness value producing a Pareto 

front of grasp configurations. In some cases, the runs even converged to an identical grasp 

configuration. The limitations associated with the nature of grasps produced were related to 
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the physical stability of the configuration and are planned to be addressed in the future by 

including a set of two additional fitness criteria. 
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Chapter 2 

Background and Literature Review 

The purpose of the chapter is to give a brief understanding of the gripper design process and 

which types of gripper elements are commonly found based on the task, environment, and 

workpiece characteristics and conditions. Furthermore, a brief explanation of evolutionary 

algorithms is presented to lay a broad understanding of how they work for multi-objective 

optimization problems. 

Finally, the chapter also dives into the most relevant works that have been put in the field of 

gripper automation. It will start broadly by presenting the available work on the automation 

of gripper design. Then, focus on the automation of grasp planning or synthesis as the main 

step in gripper design considered in this thesis. Finally, the most relevant evolutionary 

approaches taken into consideration are presented and discussed.  

2.1 The Gripper Design Process 

The gripper design process can be divided into four main steps: 1) Design Constraints 

Identification, 2) Gripping Principle Selection, 4) Grasp Synthesis, and 4) Gripper Module 

Design. The first step aims to identify the relevant design constraints for gripping principle 

selection and grasp planning. The second step seeks to select the relevant grasping 

technology based on the intersection of gripping principles constraints and the design 

constraints. The third develops the grasp necessary to securely grip the workpiece while 

following the constraints identified in the first step. Finally, the fourth step generates the 

required geometry to hold all the gripper elements together in the respective grasping points. 

2.1.1 Design Constraints Identification 

Before selecting the required gripper elements to develop the grasp, the relevant constraints 

should be identified. Broadly speaking, the constraints can come from the workpiece, 

environment, and task in question [3,4]. Examples of constraints coming from the workpiece 
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include the delicate surfaces that can be damaged by harsh grasping, deformable surfaces 

that can cause loss of grip, ferrous properties that allow the use of magnets, etc. These 

constraints have a direct effect on the selection of gripping principles and the grasp planning 

phase. 

Environment constraints include high-temperature conditions that can be harmful to some 

types of grippers such as suction cups or change the behavior of the workpiece such as an 

oily environment, for example. Constraints coming from the environment mainly influence 

the types of gripper elements considered. The task as hand generates several constraints that 

the gripper design should take into account. For example, if the task involves external forces 

or residual moments, these should be considered. Likewise, if the gripper should be able to 

withstand any arbitrary force, then it requires the grasp to have form closure [5]. The tasks 

influence both the type of gripper element selected and the grasp generated. 

2.1.2 Gripping Principle Selection 

After identifying the design constraints, they can be used to narrow the selection of gripper 

elements from a multitude of gripping principles. Different gripping principles are selected 

based on the application, environment, industry, part geometry, characteristics, etc. [6–10]. 

The next subsections group these factors into two main categories: 1) Task and 

Environmental Factors, and 2) Workpiece Characteristics Factors. The first set relates to the 

industry where the gripper will be deployed, while the other two relate to the design 

constraints already identified. 

2.1.2.1 Task and Environmental Factors 

The gripping principles can be classified based on how often they are used in their respective 

industries. These are closely related to the task and environment to which the grippers are 

subjected. For example, industries correlate with different environments such as submarine, 

explosive, clean rooms, standard shop floors, among others [10]. Table 2 shows the relative 

frequency that a gripping principle is used for the named industry. For mechanical assembly, 

the most prevalent principles are jaw grippers, magnets, and suction cups [10]. In the 

aerospace industry, special suction grippers have been developed for difficult materials such 
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as carbon fiber. In disassembly, other special grippers have been adapted with screw nails 

and scissors to aid in both non-destructive and destructive disassembly [11]. 

Table 2: Gripping Principles vs. Applications [10] 

 

2.1.2.2 Workpiece Characteristics Factors 

Parts differ in size, flexibility, and deformability, sensitiveness to scratches and pressure, 

sensitiveness to static charges and humidity [10]. Respective examples of these are the 

difference between the aerospace industry parts and the electronic industry parts; sheet metal 

parts and textile parts; silicon plates, solar cells, and food industry products; and electronic 

industry parts. A table showing the association between automated production processes 

with part characteristics and properties is shown in Table 3. Note that these associations are 

kept to a low level. Other factors such as feeding conditions, handling requirements and 

positioning complexity requirements further complicate this table.  



11 
 

 

Table 3: Production Processes vs. Part Properties [10] 

 

For the three prevalent principles in mechanical assembly which closely relate to the scope 

of this research, considerations in part weight, material, surface quality, and temperature are 
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all taken into account when choosing between them. These considerations are discussed in 

the following sections. 

2.1.2.2.1 Weight Considerations: 
Industrial robotic arms are commonly rated for a specific maximum payload. The combined 

weight of the workpiece and gripper cannot exceed this value. If the weight of a workpiece 

is a large proportion of the robot’s payload, vacuum grippers are a better option since they 

are typically lighter than jaw and magnetic grippers [7]. 

2.1.2.2.2 Material Considerations: 
From the specifications of the material properties, it is possible to estimate the maximum 

gripping pressure that can be applied to the workpiece before damaging it. For fragile 

materials, vacuum and magnetic grippers are preferred since they exert an evenly distributed 

pressure to the surface in contact. As for magnetic grippers, is obvious that the workpiece 

should be ferrous for it to be grasped [7]. 

2.1.2.2.3 Surface Quality Considerations: 
Rough surface finishes are preferred with jaw and magnetic grippers for two reasons. The 

first one being that the coefficient of friction is typically higher in these cases, and the second 

one being that polished surfaces usually require to be handled with more care. Furthermore, 

if the surface of the workpiece is porous and permeable to air, vacuum grippers should be 

avoided [7]. 

2.1.2.2.4 Temperature Considerations: 
Parallel jaw-type grippers are used for high temperatures since they can dissipate the heat 

better through their fingers. In the case of permanent magnetic grippers, some are built to 

withstand high temperatures but are not as common as jaw-grippers. Vacuum grippers are 

usually avoided for high-temperature applications [7]. 

2.1.3 Grasp Synthesis 

Once the appropriate gripping principles are selected, the next step is to generate the grasp. 

This is done by first creating a feasible grasp space or option space, according to the 
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constraints previously identified in step one, and the constraints given by the nature of the 

gripper element selected. Figure 2 shows the option space resulting from the three types of 

constraints coming from the tasks and environment, workpiece, and the gripping principles. 

 

Figure 2: Feasible Grasp Space [3] 

After determining the option space, it is often desired to select a grasp that is not only feasible 

but also optimal. To do this usually an optimization technique is used to navigate through 

the frequently vast space using grasp quality criteria such as the ones featured in [12,13,22–

24,14–21]. These quality criteria often focus on mechanical fingers rather than other types 

of grippers such as suction cups and magnets. For a review of the vast work done on grasp 

quality metrics, see [25]. Finally, the output of this step is a list of gripping points with the 

respective information such as gripper type, the force exerted, etc. 

2.1.4 Gripper Module Design 

With the griping points decided in the last step, the final step in the gripper design process 

is to create the necessary geometry that will connect and contain the gripper elements in the 

grasp. To do this several constraints were gathered in step one, as well as the gripper type 

considered. Workpiece avoidance volumes and position and orientation of the gripper 



14 
 

elements are some examples of these constraints. The result from this step is the complete 

gripper design with its respective elements. Note that required mechanical, electronic, or 

robot arm compatibility components are excluded in this design process for the conciseness 

and focus of this research. An example of a complete gripper module mounted as a robotic 

end-effector can be seen in Figure 3. 

 

Figure 3: Example of a Vacuum Gripper as a Robotic End-Effector1 

2.2 Evolutionary Algorithms 

Evolutionary algorithms are a set of heuristic-based searching algorithms that aim to 

simulate biological evolution [26]. By using the concept of survival of the fittest, solutions 

are progressively changed over time and only the most optimal ones “survive” and are 

allowed to continue evolving. As seen in Figure 4, one branch of evolutionary algorithms 

are the genetic algorithms. These global optimization algorithms were introduced by John 

Holland [27]. These algorithms are particularly fit for multi-objective optimization problems 

 
1  “Vacuum Technology for the Automotive Industry | Schmalz,” Image, accessed July 26, 2020, 

https://www.schmalz.com/en/vacuum-technology-for-automation/industries-and-applications/automotive. 
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where the search space is vast and complex as they do not explore it exhaustively [28]. Since 

grasp synthesis by nature involves multiple objective functions and criteria to be optimized 

in an often-discontinuous search space, it makes it a great candidate problem to be solved by 

genetic algorithms. In GA terms, the input variables in the grasp are called the “genes” which 

are encoded in a vector called the “chromosome.” Each solution in the search space of 

possible grasps is characterized by a unique chromosome.  

 

Figure 4: Search Algorithms [26] 

A flowchart for a generic genetic algorithm is shown in Figure 5. 
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Figure 5: Genetic Algorithm Flowchart [29] 

There are 8 steps in this genetic algorithm: 

1. The first step is to set up the GA parameters such as mutation probability, halting 

criteria, etc. 

2. Then, the second step is to generate an initial set of chromosomes, called a 

“population.” This can be done at random or based on user input.  

3. The third step is the beginning of an iteration that starts with a population. In this 

step, all the chromosomes are evaluated, which gives a fitness value to each one. 

Based on this value, they are ordered from best to worse.  
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4. The fourth step is to select the first 𝑛 chromosomes of this ordered list and save them 

“elitists”, which are chromosomes that will be transferred identically to the next 

generation.  

5. On the fifth step, the first 𝑚 chromosomes are selected from the list to be selected 

as the “parents.” These chromosomes are going to be subjected to operators such as 

“crossover” and “mutation”.  

6. The sixth step applies the crossover operator to the parents. This operator takes part 

of one parent chromosome and exchanges it from the respective part of the other 

parent chromosome. This allows for the “mixing” of good genes that could 

potentially lead to a fitter set of solutions. The resulting chromosomes resulting from 

crossover are called “the children”.  

7. In the seventh step, the mutation operator is applied to the children which change 

the value of specific genes in the children’s chromosome based on the mutation 

rules.  

8. Finally, the eighth step checks if the halting criteria are satisfied. This could be a 

certain fitness threshold on the elitists or a certain maximum number of generations. 

If the halting criteria are still not satisfied, the mutated children are then passed to 

the next iteration, or next generation, and the process starts over again. 

2.3 Gripper Design Automation 

As hinted before, a robotic gripper can be divided into two main parts: the gripper elements, 

analogous to the fingers in a hand; and the gripper module, analogous to the palm. So far, 

gripper element selection and gripper module design have been done manually by the 

experience of designers [1] in contrast to fixture design automation which has advanced to a 

great extent [30]. The only commercially available tool that aids in the automation of gripper 

designs is SCHUNK’s eGrip, which produces customized fingers for their two-jaw grippers 
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by taking the geometry of the workpiece as input. Figure 6 shows the grippers resulting from 

this program. 

 

Figure 6: Two-jaw Grippers Produced by eGrip2 

In academia, efforts have been made to lower the time and cost for the selection of the gripper 

elements and dimensioning of the gripper module. Pham and Taggin [6] developed an expert 

system, Grippex, to aid manufacturing engineers in selecting robotic grippers. The grippers 

included in the scope are two-jaw grippers, three-jaw grippers, multi-fingered grippers, soft 

grippers, adjustable-jaw grippers, magnetic grippers, vacuum grippers, and adhesive 

grippers. The expert system employs rules that consider the physical properties, geometry, 

and other characteristics of the workpiece in question to select from an array of grippers. 

After computation, the system displays the recommended grippers while simultaneously 

explaining why it has chosen that specific type of gripper. 

Taking a generative approach, Schmalz et al. [31] proposed a method to automate the 

dimensioning of such gripper systems. Their algorithm is divided into two stages: 1) 

 
2 Available at https://schunk.com/de_en/services/egrip/, accessed on May 31, 2020 
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Gripping Position Identification, and 2) Dimensioning of Gripper System. The first stage, or 

grasp planning, searches for feasible gripping positions and ranks them based on the distance 

to the center of gravity, size of contact site, the curvature of contact site, and free volume 

above the contact site. The second stage imports these gripping positions, places operational 

elements (“fingers”), calculates the gripping forces, and finally models and generates the 

gripper body. Finally, the last step outputs the CAD data of the gripper body. 

In another paper, Xu et al. [32] present a method to systematically design grippers suited for 

a specific assembly task. By taking into consideration the shape primitives of the parts, 2-

jaw or 3-jaw grippers are selected and parameterized. Further filtering of these grippers is 

subsequently done by considering collision between components and affordance of the parts. 

Finally, the number of grippers is optimized by grouping several parts to the same gripper 

type. 

Taking an evolutionary approach, Saravanan et al. [33] use three optimization algorithms to 

find the optimum geometric dimensions of three robot gripper configurations. The 

algorithms in scope are 1) Multi-Objective Genetic Algorithm (MOGA), 2) Elitist Non-

dominated Sorting Genetic Algorithm (NSGA-II), and 3) Multi-Objective Differential 

Evolution (MODE). This collection of algorithms aims to optimize a set of three 

configurations of two-finger gripper basic shapes. 

2.4 Grasp Planning Automation 

Although the extent to which the design of grippers has been automated remains still in its 

early stages, automation on the steps of the gripper design process has been advanced. In the 

case of grasp planning, several works in academia have contributed to the advancement of 

this area. As early as 1987, Nguyen [2,34] developed an algorithm to construct force-closure 

grasps on 2D and 3D objects. Although not necessarily optimized grasps, the author presents 

the algorithm while explaining the necessary conditions for a force-closure grasp on a set of 

point, hard-finger, and soft-finger contacts.  
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Using a three hard-finger robotic hand as their gripper model, Li et al. [35] present an 

algorithm to compute three force-closure grasps of 2D and 3D objects. Taking it a step 

further, Roa and Suárez [36] present an algorithm to iteratively find locally optimum force-

closure grasps on 3D objects for n-fingered grippers. The algorithm is divided into two. First, 

an initial grasp is obtained by a similar algorithm to [24]. Then, an optimization algorithm is 

used to search for a local optimum grasp, starting from the grasp obtained in the first step. 

This second step is optimized by employing Ferrari and Canny’s [12] grasp quality measure. 

The largest perturbation wrench that the grasp can resist, regardless of the direction. 

Liu and Carpin [37] present an algorithm to get an arbitrary number of force-closure contact 

points on a 3D object. The algorithm uses a triangular mesh of the workpiece CAD model 

and iteratively improves these n contact points using the same Ferrari and Canny [12] grasp 

quality metric. The algorithm is global as it can theoretically explore all the faces of the 

mesh, and the contact points can cross sharp edges while being optimized. 

More recently, Wan et al. [38] proposed a grasp planning algorithm for suction cups and two 

and three-jaw grippers that target industrial application tasks as bin-picking and assembly. 

Intuitively, the algorithm is split in two depending on the gripper type considered. The 

algorithm for the suction cup end-effector with a single suction cup first finds the suitable 

contact points and then checks for the feasibility of different orientations, collision with the 

workpiece, and resistance to external torques caused by gravity. •The algorithm for two-

finger parallel grippers is like the last but has an extra step of pairing feasible contact points 

in parallel facets that have opposing normal vectors. The other two steps are like the one for 

the suction cup end-effector. 

For an overview of computational algorithms for generating 3D grasps for multi-fingered 

robotic hands, the reader is referred to [39]. 

2.5 Evolutionary Approaches to Grasp Planning 

As previously explained, often the nature of grasp planning involves complex and often 

discontinuous search space multi-objective criteria to optimize. This has inclined several 
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authors to opt for an evolutionary approach to this problem. Originally, this approach was 

taken by Fernandez and Walker [40] when the authors used a genetic algorithm to develop 

grasps for an arbitrary object using multi-fingered robot hands. At the start, the user specifies 

the initial set of finger positions. Based on this initial set, the program creates semi-random 

grasps for a given hand and object. 

In another paper, Chella et al. [15] present an approach for creating and evaluating grasps 

for 2D superellipses, which are a family of deformable 2D parametric functions. The 3D 

shapes are achieved by applying an arbitrary thickness from or to the 2D plane. A genetic 

algorithm analyzes the grasp space by evaluating the options using quality criteria from 

literature, kinematic and mechanical considerations. Using an anthropomorphic arm robot 

as the gripper model, the genetic algorithm produces optimized grasps that are used as a 

training set for a neural network. The latter is used to obtain results in real-time where the 

genetic algorithm approach is not suitable. 

In an image-based approach, Yu and Gu [16] use a camera to take an image of the object to 

be grasped end extract the contour of the model from it to be used as input of a genetic 

algorithm. This contour is stored as a 2D matrix containing the coordinates of all points. A 

grasp chromosome is defined as a set of three of these points using a BarrettHand-8 as the 

gripper model. Thus, for the first generation, all the individuals contain points exclusively 

from the matrix. As crossover and mutation occur, individuals created with points outside of 

are not considered. The five fitness criteria outlined in this work are divided into 

“legitimacy” and “quality” criteria. The legitimacy criteria check for force focus and force-

closure. The quality criteria check for curvature at contact points, relative triangle size, and 

similarity to an equilateral triangle. 
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Figure 7: BarrettHand-8 Gripper with Kinematic Model [16] 

Using another vision approach, Zhang and Gu [41] use a genetic algorithm to create a “pre-

grasp” based solely on geometric considerations taken from vision and tactile feedback using 

sensors. The genetic algorithm is used to find “pre-grasps” for arbitrarily shaped 3D objects 

using a dexterous hand model. The “pre-grasp” is defined as a hand posture that mimics the 

way humans structure their hands when approaching to grasp an object. 

Finally, Rakesh et al. [42] tackle the grasp synthesis problem using two algorithms. The first 

one generates an initial feasible force-closure grasp by using the hyper-plane generation 

algorithm proposed on [36,43]. Then, a genetic algorithm is used to optimize the initial grasp. 

Since they search through all the faces of the tessellated version of the object, the authors 

ensure the increase of quality by global exhaustive search.  

While these authors have advanced the field of grasp planning automation tremendously, 

there is still a need to develop grasp planning algorithms that take into account multiple types 

of gripping principles while simultaneously treating the number of gripper elements as a 

variable to optimize using a similar evolutionary algorithm. This is the main research space 

covered in this research. 
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Chapter 3 

Scope of Research 

This chapter outlines the scope of the research. The main three reductions in scope revolve 

around the gripper elements considered, the workpiece surfaces limitation, and the 

characteristics of the sheet-metal parts considered. All three are discussed further in the next 

sections. 

3.1 Gripper Elements Considered 

The first reduction of scope involves the gripper elements considered. Currently, only 

pneumatically actuated suction cups and magnets with a circular footprint are considered. 

As previously shown in Table 2, suction cups and magnets are two of the three main types 

of gripping principles used in the mechanical assembly industry, with the third one being 

mechanical fingers, like two-jaw grippers that exert form or force closure [10]. As a 

consequence of this, only single surface-acting gripper elements are presented. 

A database of commercially available suction cups and magnetic gripper elements was built 

for this research with brands such as Piab, Schmalz, and Goudsmith Magnetics. The gripper 

elements considered on the database were selected from the automotive section of each 

vendor catalog. The database is connected to the gripper fitment program in Siemens NX 

and has a total of 66 gripper elements to choose from which are all pneumatically actuated. 

The suction cups range from diameters of 11 mm to 150 mm and normal force ratings from 

4.6 N to 716 N. The magnets range from diameters of 20 mm to 170 mm and normal force 

ratings from 10 N to 3500 N. Figure 8 shows an example the of suction cups and magnets 

models that the database contains. Note that the relative sizes may differ from the real 

models. 
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Figure 8: Industrial Gripper Elements - Suction Cup (left) and Magnet (right)3, 4 

3.2 Parts in Scope Characteristics 

The second reduction of the scope relates to the characteristics of the workpieces considered 

for grasping. This is divided into three main points: 1) The group of parts considered, 2) The 

assumed weight distribution of the parts, and 3) The geometry of the parts.  

1. As this research concentrates on the automotive industry, sheet-metal parts were the 

main specimens considered in the framework. Aside from preventing the certainty 

of generalizing the results to be relevant to other groups of parts, this also influenced 

the fitness criteria established and considered in the framework. For example, the 

deviation fitness criteria which indirectly evaluates how much a part may bend due 

to its weight, might not be relevant to other types of workpieces. 

2. Related to the deviation fitness criteria, the framework assumes there is equal weight 

distribution through the planes used for grasping. This ensures a uniformly 

 
3 "Suction Cup B75XP Polyurethane 60, 3/8" NPSF Female." Piab - Gripping, Lifting and Moving Solutions. Accessed July 

15, 2020. https://www.piab.com/en-us/suction-cups-and-soft-grippers/round-suction-cups/bellows-suction-cups/0205883/. 

4  "Magnetic Grippers." Magnetic Grippers | Goudsmit Magnetics. Accessed July 15, 2020. 

https://www.goudsmitmagnets.com/solutions/magnetic-handling/lifting-handling-magnets/magnetic-

grippers.html?sku=TPGC040078. 
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distributed load through the gripping face which is necessary for the deviation 

criteria from section 4.2.3.3 to correlate accurately to the deflection of the 

workpiece, as the position of the ideal polygon depends on this. 

3. Finally, the projection polygon of the workpiece to the plane of grasping is assumed 

to be a star-shaped set with respect to the projections’ centroid. Intuitively, a polygon 

is a star-shaped set with respect to its centroid if all points in the edges of the polygon 

can be connected through a straight line to the centroid without interesting itself 

[44]. An example of a star domain and a non-star domain is shown in Figure 9. This 

condition is necessary for the ideal deflection polygon from section 4.2.3.3, which 

is a scaled version of the projection polygon of the workpiece, to remain inside the 

projection polygon. In case the workpiece projection is not a star domain, the user 

can approximate the user-defined polygon to one, as seen later in the specimen of 

Appendix E. 

 

Figure 9: Star Domain (left) and Non-Star Domain (right) 

3.3 Workpiece Surfaces Limitation 

The third and last reduction of the scope relates to the workpiece surfaces considered for 

grasping. In this version of the framework, only horizontal surfaces with their normal vectors 

pointing in the exact opposite direction as the gravitational vector are allowed. Vertical or 

inclined faces, where the gripper elements would have to exert shear forces for lifting, are 
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not allowed. Vertical or inclined faces would require considerations of porosity, oil films, 

etc. that are not available in this type of analysis. Figure 10 shows two situations, the left one 

is considered in the scope, while the right one is not.  

 

Figure 10: Normal Face Grasp (left) and Inclined Face Grasp (right) 
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Chapter 4 

Design of the Algorithm 

This chapter discusses the parts of the algorithm that encompasses the grasp planning 

automation framework. The framework can be divided into three parts. The first one 

generates the grasp option space by using the user-selected gripper elements constraints and 

workpiece surfaces selected to list all the available positions to place the gripper elements. 

The second one relates to the optimization part of the framework. Using a genetic algorithm 

variant, the option space is explored to find a valid grasp according to the goals set by the 

fitness criteria. Finally, the optimized grasp is taken back to NX where the user can see a 

preview of how the grasp configuration would look like. More details are explained in each 

of the following three sections. 

4.1 Generating the Option Space 

The first step in the algorithm is to create the option space by running a gripper fitment 

program on top of a workpiece. The option space is defined as the compilation of all the 

available positions that are available for a grasp to be established. That is, the available points 

available to place the gripper elements. Since the proposed GA in the following section 

resembles the natural evolution process, each grasp derived from the option space is given 

the name of a “child”.  

To create the option space, the two-dimensional projections of the pertinent surfaces of the 

workpiece are each divided into several rectangular grids as shown in Figure 11. The user 

has the ability here to select the specific suction cup and/or magnet from the gripper element 

database. By “walking” these grids, the algorithm tries to place a footprint of each gripper 

element in the intersection points of the grids. It does this by checking for two constraints 

each time: 
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1. Point Position Constraint: If the grid point falls inside the projection of the 

pertinent surfaces, then the constraint is satisfied. This ensures that the gripper 

elements' footprints are only placed on the relevant surfaces of the workpiece. 

2. Surface Boundary Constraint: If the area of the footprint of the gripper element in 

question falls entirely within the boundaries of the selected part surface, then the 

constraint is satisfied. If the area of the footprint only partially falls within the 

surface, then the constraint is only satisfied for magnets. The reasoning behind this 

is that suction cups need to have the full footprint contact area to maintain the 

vacuum and subsequently hold the part. In the case of magnets, a partial area is 

acceptable since they do not need full contact to excerpt the gripping force. 

 

Figure 11: Option Space Grids 
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The grid size is controlled by the user by specifying the maximum pitch of analysis. This 

variable is essentially a measurement of how close the footprints can be to each other. A low 

pitch would yield in densely packed footprints close to each other. This would augment the 

size of the design space at the expense of computational time when running the GA. 

In Figure 12 we can see an example of an option space generated and overlaid on top of a 

car door frame. In this particular case, the user has selected some surfaces on the left and 

center of the workpiece to place suction cups and some surfaces on the center and the right 

of the workpiece to place magnets. Running the gripper fitment on this workpiece with these 

conditions produced 141 possible positions for placing suction cups (cyan circles) and 84 

positions for placing magnets (magenta circles).  

 

Figure 12: Example of an Option Space with 141 Suction Cups and 84 Magnets 

It can be observed that some locations in the middle surface have overlapping footprints. In 

these overlapping cases, the algorithm can either place a suction cup or a magnet. Note that 
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the gripper fitment algorithm follows the constraints previously explained. Examples, where 

a magnet but no suction cup could be placed, are shown with red arrows in Figure 12. 

On the current version of the algorithm, the number of suctions cups and magnets in a grasp 

can vary from 1 to 5 each. Therefore, if a grasp consists of three suction cups and two 

magnets, the total number of possible combinations is 141C3 × 84C2 = 1,594,182,660. Knowing 

that a grasp could contain any number between 1 and 5 for each type of gripper element, the 

total size of grasps to explore in this option space is [141C1 + 141C2 + 141C3 + 141C4 + 141C5] × 

[84C1 + 84C2 + 84C3 + 84C4 + 84C5] = 1.4757×1016.  

Given the enormous option space that the algorithm next to explore, simply exploring 

exhaustively each grasp candidate in the option space is not feasible. The benefit of using a 

GA approach is that instead of searching exhaustively for the best solution, the algorithm 

progressively evolves a satisfactory solution until some criteria defined by the user are 

reached. The next section will show how the framework uses this GA approach to do this. 

4.2 Elements of the Evolutionary Algorithm 

To produce grasps suitable for handling sheet-metal parts, the algorithm explores through 

the search space employing a genetic algorithm variant. The design of the GA presented here 

is divided into five main elements: 1) The chromosome that encodes and defines a particular 

grasp, 2) Mutation rules that regulate the probability and extent of change in the chromosome 

between generations, 3) the Fitness Criteria which evaluates and selects the fittest child of a 

generation as the parent of the next one, 4) Domain constraints that determine the validity of 

a grasp, and 5) Elitism, that preserves the parent’s chromosome unaltered in one child of the 

generation to prevent the overall reduction of fitness from one generation to the other. These 

elements are shown in Figure 13 and the next subsections explain each of these in more 

elaborate detail. 

 



31 
 

 

Figure 13: Genetic Algorithm Elements 

4.2.1 The Grasp Chromosome 

The chromosome is defined as the set of variables, or “genes”, that describe a unique child 

and are available for mutation. In other words, these variables can change values from 

generation to generation depending on the mutation rules. For example, if the algorithm 

should be able to change the number of suction cups in the grasp from one generation to the 

other, then this number should be part of the chromosome. On the other hand, if the diameter 

of the suction cup should be held constant throughout the generations, it should not be 

included in the chromosome and, therefore, be unavailable for mutation. The chromosome 

proposed in this version of the algorithm is given by Equation 1. 
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𝐶ℎ𝑟𝑜𝑚𝑜𝑠𝑜𝑚𝑒 = {𝑛𝑠𝑢𝑐, 𝑛𝑚𝑎𝑔, 𝑆1, 𝑆2, … , 𝑆5, 𝑀1, 𝑀2, … , 𝑀5} 

Equation 1: Grasp Chromosome 

The chromosome is comprised of twelve variables, or genes, for which half is allocated for 

suction cups variables and the other half for magnets variables. The first two genes control 

the number of suction cups and magnets in a grasp, respectively. The next five genes, 𝑆1 −

𝑆5, are the index numbers of the suction cups that are considered from the option space. In 

the Figure 12 example, these five genes can take a value with the range of 1 to 141. This 

index number implicitly refers to the location of the suction cup within the workpiece 

surfaces. Similarly, the last five genes, 𝑀1 − 𝑀5, refer to the index numbers of the magnets 

considered from the option space, which range from 1 to 84 in the Figure 12 example.  

For example, continuing with the Figure 12 example, the chromosome given by 

{3, 2, 11, 13, 15, 17, 19, 22, 24, 26, 28, 30}  describes a grasp that has three suction cups 

placed at 11th, 13th, and 15th positions of the suction cup list of 141 options. Similarly, the 

grasp also contains two magnets placed at the 22nd and 24th positions of the magnet list of 84 

options. For a specific run of the framework, the option space, and consequently the gripper 

elements indices, remain fixed, and a specific chromosome uniquely defines a grasp 

configuration. 

4.2.2 The Mutation Rules 

The mutation rules control how frequent and to what extent each gene in the parent’s 

chromosome could vary between generations. Currently, each of the twelve genes in the 

chromosome has the same independent probability of mutating from one generation to the 

next. This probability is controlled by a variable called “1-in-n”. If, for example,  𝑛 = 5, 

then each gene in the parent’s chromosome has a 20% (or 1-in-5) probability of changing. 

The genes selected for mutation vary from generation to generation and are specified in a 

mutation vector that is isomorphic to the chromosome. For example, the mutation vector 

{𝑝1, 𝑝2, 𝑝3, 𝑝4, 𝑝5, 𝑝6, 𝑝7, 𝑝8, 𝑝9, 𝑝10, 𝑝11, 𝑝12}  contains twelve elements representing a 
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Boolean integer, each of which has a 1-in-n chance of assuming a value of 1, in each 

generation. If in a generation, an element in the mutation matrix is given a value of 1, then 

the corresponding gene in the parent’s chromosome will mutate in the next generation. 

In the example shown in Figure 14, the first element of the mutation vector is 1. Thus, the 

gene corresponding to this position, i.e., the number of suction cups, will mutate in the next 

generation. During mutation, each child derived from this parent will receive a new value 

for this gene from its respective range, i.e., a random integer {1 − 5} for the number of 

suction cups. We see in Figure 14, that this gene changes from a value of 3 to a value of 4 in 

the child shown. Similarly, since the third element of the mutation vector is 1, the third gene 

of the chromosome, which represents the index of the first suction cup, will mutate. 

Following from the option space in Figure 12, this gene will assume a new value within the 

range {1 − 141}. In this particular child, shown in Figure 14, the index number changes 

from 11 to 35. During the next generation, the mutation vector will be populated with a new 

set of zeros and ones, with a 1-in-n chance of each element being a one. 

 

Figure 14: Mutation Example 

4.2.3 Fitness Criteria 

Now that grasps are defined by a set of genes in a chromosome, and a set of mutation rules 

has been established to vary these genes, the framework needs a way to systematically 

navigate through the design space of the possible grasps. The first chromosome, and in 
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consequence the first grasp, can be either generated randomly or supplied by the user as an 

initial grasp, but once children are generated from this grasp, the algorithm must determine 

the “fittest” child. That is the children that are closest to a valid solution. Only the fittest 

child in each generation is allowed to propagate, thus simulating a “survival of the fittest” 

process. This section describes the fitness criteria that the GA uses to select the fittest child 

in each generation. 

The four fitness criteria used to evaluate the fittest child are 1) Total Residual Moment, 2) 

Total Cost of Gripper Elements, 3) Deviation from Ideal Deflection Polygon, and 4) Gripper 

Structure Size Approximation. Sections 4.2.3.1 to 4.2.3.4 describe all four fitness criteria 

respectively, and section 4.2.3.5 describes the way all are combined in an overall fitness 

criterion. 

4.2.3.1 Total Residual Moment 

While the forces exerted by the gripper elements may be enough to support the weight of the 

part, the residual moment caused by the position of these elements may be too high for the 

system to handle. An example of this phenomenon can be seen in Figure 15. Even when in 

both cases the two lifting forces 𝐹1 and 𝐹2 are sufficient to hold the weight of the part, the 

right configuration would yield a higher residual moment that would cause the part to tend 

to tip to the right. Although the gripper elements have some resistance to these residual 

moments, ideally the center of force of all gripper element forces should coincide with the 

center of gravity of the part in all directions. This would eliminate the residual moment and, 

with it, the tendency of the part to tip. 

 

Figure 15: Same Forces with Different Residual Moments 
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Aiming to get a net-zero moment is unreasonable, so the algorithm only tries to minimize 

the moment and keeping it within acceptable limits. To do this, the algorithm first calculates 

the coordinates of the center of force given by the forces from all gripper elements by using 

the equation set available in classical statics [45] shown in Equation 2. In this equation, 𝐹𝑖 is 

the force of the 𝑖𝑡ℎ gripper element in the grasp, and 𝑥𝑖, 𝑦𝑖, and 𝑧𝑖 are the coordinates of 𝐹𝑖. 

�̅� =
∑ 𝐹𝑖𝑥𝑖

∑ 𝐹𝑖
  ;   �̅� =

∑ 𝐹𝑖𝑦𝑖

∑ 𝐹𝑖
  ;   𝑧̅ =

∑ 𝐹𝑖𝑧𝑖

∑ 𝐹𝑖
 

Equation 2: Coordinates of the Center of Force 

Then, the eccentricity between the center of force and center of gravity of the part is 

calculated by Equation 3, where 𝑥𝑐, 𝑦𝑐, and 𝑧𝑐 are the coordinates of the center of gravity of 

the part. Finally, the total residual moment is calculated by Equation 4, where 𝑊𝑝 is the 

weight of the part.  

𝑟 = √(�̅� − 𝑥𝑐)2 + (�̅� − 𝑦𝑐)2 + (𝑧̅ − 𝑧𝑐)2 

Equation 3: Center of Force Eccentricity 

∆𝜏 = 𝑟 ∙ 𝑊𝑝 

Equation 4: Total Residual Moment 

The algorithm has the option to set this fitness criterion as the only one to follow. Whenever 

this criterion is imposed, the child with the lowest residual moment is propagated as the 

fittest or for further evaluation. For a valid design to be considered, the value of the total 

residual moment should be lower than a user-defined value. Thus, the total residual moment 

is used as a criterion to select the fittest, but also as a constraint when selecting a valid design. 
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4.2.3.2 Total Cost of Gripper Elements 

Increasing the number of gripper elements directly increases the FOS but at the expense of 

increasing the cost. Therefore, the total cost of gripper elements is set as another fitness 

criterion opposing the bias of the GA to increase the number of gripper elements to the 

maximum. This tendency to favor low gripper element counts creates a narrow subset of the 

option space of valid designs that simultaneously fulfill all criteria, as section 4.2.3.5 will 

later show. The efficacy of the algorithm becomes apparent when it finds solutions in these 

narrow design subspaces. 

The cost of each grasp is given by Equation 5, where 𝑛𝑠𝑢𝑐  and 𝑛𝑚𝑎𝑔 are the number of 

suction cups and magnets in the child, respectively, and 𝑈𝑃𝑠𝑢𝑐 and 𝑈𝑃𝑚𝑎𝑔 are the unit prices 

of each suction cup and each magnet, respectively. 

𝐶𝑜𝑠𝑡 = [𝑛𝑠𝑢𝑐 ∙ 𝑈𝑃𝑠𝑢𝑐] + [𝑛𝑚𝑎𝑔 ∙ 𝑈𝑃𝑚𝑎𝑔] 

Equation 5: Total Cost of Gripper Elements 

Just as with the case of the total residual moment, the algorithm has the option to set this 

criterion as the only one to follow. When this criterion is imposed alone, the child with the 

lowest cost is selected as the fittest. For a valid design to be considered, the value of the total 

cost of gripper elements should be lower than a user-defined value. Thus, this value is used 

as a criterion to select the fittest, but also as a constraint when selecting a valid design. 

4.2.3.3 Deviation from the Ideal Deflection Polygon 

The fitness criterion presented here aims to avoid the unwanted deflection or bending 

deformation because of the nature of grasping the part at small discrete areas. This effect is 

introduced with the help of Figure 16.  
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Figure 16: Deflection Due to Grasping Moments Example 

Consider the green and red grasps represented by placing identical gripper elements in the 

green circles and red circles, respectively. It is easy to see that the FOS and cost of both 

grasps are the same. Moreover, judging by the position of the circles, both grasps should 

have very similar remaining residual moments, as seen by considering the centroid of the 

part (grey sphere). The difference in these two grasps lies in the deflection effect they have 

in the part. As these parts are usually thin relative to their other dimensions, they tend to 

deflect due to bending moments caused by the grasp points and their weight. 

For example, the moments created by the red grasp would cause the inner portion of the part 

to bend, while moments created by the green grasp would cause the same effect but on the 

sides of the part. It can be argued then that a grasp positioned in between the red and the 

green grasp would cause less deflection in the center and the sides. In other words, it should 
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be positioned close to the blue polygon shown in the figure. This polygon is called the “Ideal 

Deflection Polygon” and is created by scaling a user-defined polygon approximation of the 

part. The scale factor is also a user-defined value ranging from 0 to 1. 

To take into consideration this measurement, the algorithm first calculates the minimum 

distance from each grasp point to the polygon and then takes the average of these minimum 

distances. This is called the deviation from the ideal polygon and is given by Equation 6, 

where 𝑞𝑖  is the 𝑖𝑡ℎ  grasp contact point, 𝑛  is the total number of grasp points, and 

𝑚𝑖𝑛𝐷𝑖𝑠𝑡𝑇𝑜𝑃𝑜𝑙𝑦𝑔𝑜𝑛()  is a function that calculates the minimum distance from a point to 

the blue polygon. For more details on how this last function works, see Appendix A. 

𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 =
∑ 𝑚𝑖𝑛𝐷𝑖𝑠𝑡𝑇𝑜𝑃𝑜𝑙𝑦𝑔𝑜𝑛(𝑞𝑖)𝑛

𝑖=1

𝑛
 

Equation 6: Deviation from the Ideal Deflection Polygon 

As with the other criteria, the algorithm has the option to set this criterion as the only one to 

follow. When this criterion is imposed alone, the child with the lowest deviation is selected 

as the fittest. For a valid design to be considered, the value of the deviation should be lower 

than a user-defined value. Thus, this value is used as a criterion to select the fittest, but also 

as a constraint when selecting a valid design. 

4.2.3.4 Gripper Structure Size Approximation 

The final fitness criterion presented aims to evaluate the children based on an approximation 

of the size of the gripper structure needed to hold the gripper elements in that configuration. 

In this work, the structure that holds the gripper elements in this work has two types of 

components. 

1.  The Main Truss: that holds the farthest gripper elements in the child. This is also 

the structure that would connect to the robotic arm and would hold other components 

necessary for gripping.  
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2. The Branch Trusses: that connect all the other gripper elements that the main truss 

does not include. These branch trusses extend from the main truss in a perpendicular 

direction until they reach the center of the gripper element.  

The ratio between the linear density of the main truss to the linear density of the branch 

trusses is a user-defined variable configurable in the GA parameters. Throughout this work 

and during testing, this variable is set at 2.5. 

Figure 17 shows the structure, in red, resulting from running the GA in a car door frame 

(wireframe) with an option space consisting of 28 suction cup footprints on the middle 

section and 84 magnet footprints on the neighbor surfaces of the middle section. After 100 

generations, the GA came up with a child consisting of 3 suction cups (cyan), and 2 magnets 

(magenta).  

 

Figure 17: Gripper Structure Approximation After 100 Generations (2191 mm) 
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To evaluate the gripper size structure approximation fitness of each child, the total length of 

the truss structures is calculated using Equation 7. The first term in the equation represents 

the value of the distance, 𝑙𝑚𝑎𝑥, between the two farthest grasp points multiplied by the ratio 

of linear density, 𝑅, between the main truss and branch trusses. This puts a penalty on the 

length of the main structure as it would be heavier to be able to withstand additional forces 

that the branch trusses won’t sense. The remaining terms in the equation account for the 

perpendicular length, 𝑙𝑖, between the remaining, 𝑚, grasp points to the main truss. For more 

details on how this perpendicular length is calculated, see Appendix A. 

𝐿 = 𝑅 ∙ 𝑙𝑚𝑎𝑥 + 𝑙1 + 𝑙2 + ⋯ + 𝑙𝑚 

Equation 7: Structure Total Truss Length 

As with all the other criteria, the algorithm has the option to set this criterion as the only one 

to follow. If this criterion is imposed, the child with the lowest truss length will be propagated 

as the fittest. In other words, the child with the least amount of truss structure will be selected 

as the fittest. Furthermore, for a valid design to be considered, the value of the total truss 

length should be lower than a user-defined value. Thus, this value is used as a criterion to 

select the fittest, but also as a constraint when selecting a valid design. 

The GA can improve this value in two ways: 

1. By gradually selecting children with grasp points closer to each other. In other 

words, reducing the main truss length and/or reducing the branch trusses lengths. 

2. By gradually selecting children with the least grasp points, just enough to satisfy the 

constraints. In other words, eliminating some branch trusses.  

Using the same example from before, Figure 18 shows how the GA improved this criterion 

using the second method after 100 more generations. While the structure criterion certainly 

improved, it can be argued that other criteria got worse. The next section will discuss how 
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the algorithm can combine all fitness criteria into a single fitness criterion to use as an overall 

fitness measurement. 

 

Figure 18: Gripper Structure Approximation After 200 Generations (1682 mm) 

4.2.3.5 Overall Fitness Criterion: Divergence 

While all the fitness criteria are good on their own and produce good solutions in terms of 

the respective criterion, grasps should thrive in more than just one of these. For this matter, 

the algorithm combines all fitness criteria on a single overall fitness criterion called 

divergence, given by Equation 8. In the equation, the ∆𝜏, 𝐶𝑜𝑠𝑡, 𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛, and 𝐿 are the 

individual values for each respective fitness criterion in a child, while the denominator values 

are baselines values used to be able to add all the criteria under the same scale.  
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𝐷𝑖𝑣𝑒𝑟𝑔𝑒𝑛𝑐𝑒 =
𝐶𝑜𝑠𝑡

𝐶𝑜𝑠𝑡𝑏𝑎𝑠𝑒
+

∆𝜏

∆𝜏𝑏𝑎𝑠𝑒
+

𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛

𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛𝑏𝑎𝑠𝑒
+

𝐿

𝐿𝑏𝑎𝑠𝑒
 

Equation 8: Overall Divergence from Benchmark Grasp 

A theoretical “baseline child” that has all fitness values identical to the baselines would have 

a divergence value equal to 4. Thus, if a child reaches a divergence value of less than < 4, it 

is said that the child is better than the baseline child overall. If this criterion is imposed, the 

child with the lowest divergence will be propagated as the fittest. 

Moreover, the baseline fitness values are constraints that the algorithm tries to reach 

simultaneously. Thus, for a valid design to be considered, the divergence value of a child 

should be less than 4, and simultaneously all individual fitness criteria values should be lower 

or equal to the baseline values. The baseline child then has, by definition, the worst value of 

divergence a valid design could have.  

To make it easier to see, the components of the divergence can be organized in a fitness row 

vector shown in Equation 9. With this presentation, for a child to be a valid design, the first 

four components of its fitness vector should have values ≤ 1. This, in turn, would cause the 

last value to always be ≤ 4. 

𝐹𝑖𝑡𝑉𝑒𝑐 = { 
𝐶𝑜𝑠𝑡

𝐶𝑜𝑠𝑡𝑏𝑎𝑠𝑒
,

∆𝜏

∆𝜏𝑏𝑎𝑠𝑒
,

𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛

𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛𝑏𝑎𝑠𝑒
,

𝐿

𝐿𝑏𝑎𝑠𝑒
, 𝐷𝑖𝑣𝑒𝑟𝑔𝑒𝑛𝑐𝑒} 

Equation 9: Fitness Row Vector 

For the grasp configurations in the children shown in Figure 17 and Figure 18, the respective 

fitness row vectors are shown in Equation 10. 

𝐹𝑖𝑡𝑉𝑒𝑐100 = {0.76, 1.68, 0.61, 1.09, 4.14} 

𝐹𝑖𝑡𝑉𝑒𝑐200 = {0.52, 1.99, 0.61, 0.84, 3.96} 

Equation 10: Fitness Row Vector Comparison After 100 Generations 
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From these two vectors, we can draw several conclusions. We can see that, over these 100 

generations, the gripper structure fitness (4th component) reached a value to beat the baseline 

from 1.09 to 0.84, and the cost (1st component) improved from 0.76 to 0.52, as a consequence 

of reducing the number of gripper elements. On the other hand, this also caused the total 

residual moment (2nd component) to worsen from 1.68 to 1.99, further driving it away from 

the baseline. The compound effect, though, was an overall slight improvement in fitness as 

the divergence (5th component) improved from 4.14 to 3.96. 

4.2.4 Domain Constraints 

The fitness criteria serve as a compass to guide the GA to better grasps but do not necessarily 

prevent the spread of a practically invalid chromosome. To prevent the spread of these 

invalid chromosomes, two constraints have been included in the algorithm. These two are: 

1) The Minimum Factory of Safety Against Part’s Weight Constraint, and 2) The Minimum 

Gripper Element Distance Constraint. 

4.2.4.1 Minimum Factor of Safety Against Part’s Weight Constraint 

In the case when the GA starts with a weak chromosome with an unacceptable FOS, it would 

be desired that instead of allowing this starting weak chromosome to reproduce, it should be 

replaced with a new randomized chromosome. Furthermore, even if the parent chromosome 

possesses an acceptable FOS, mutations can cause one or more children in a generation to 

obtain an unacceptable factor of safety. For this matter, it is necessary to pose a minimum 

desired FOS and use it as a constraint that all children should pass before even being 

evaluated. Thus, the first constraint is as follows: 

• All chromosomes, including the first parent’s chromosome and all offspring’s 

chromosomes throughout the generations, should have a FOS with a value ≥

𝐹𝑂𝑆𝑏𝑎𝑠𝑒. This value can be selected and set by the user and throughout this research, 

it is set at 3.0 following higher than industry standards [46]. 

The total force exerted by all the gripper elements in the lifting direction is given by Equation 

11, where 𝑛𝑠𝑢𝑐  and 𝑛𝑚𝑎𝑔  are the number of suction cups and magnets in the child, 
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respectively, and 𝐹𝑠𝑢𝑐  and 𝐹𝑚𝑎𝑔  are the forces of each suction cup and each magnet, 

respectively. Since only horizontal faces are allowed for placing gripper elements, all lifting 

forces are directly opposed to gravity.  

𝐹𝐿𝑖𝑓𝑡 = [𝑛𝑠𝑢𝑐 ∙ 𝐹𝑠𝑢𝑐] + [𝑛𝑚𝑎𝑔 ∙ 𝐹𝑚𝑎𝑔] 

Equation 11: Total Lifting Force from Gripper Elements 

The factor of safety (FOS) of this total lifting force against the part’s weight is calculated by 

Equation 12, where the 𝑊𝑝𝑎𝑟𝑡 is the weight of the part in question.  

𝐹𝑂𝑆 =
𝐹𝐿𝑖𝑓𝑡

𝑊𝑝𝑎𝑟𝑡
 

Equation 12: Factor of Safety Against Weight of the Part 

4.2.4.2 Minimum Gripper Element Distance Constraint 

Another possibility that could occur due to the random nature of mutations and initial 

chromosome, is where a child could have two or more gripper elements that are too close to 

each other. Even worse, two gripper elements within the same child could have the same 

index, and therefore the same position. It is necessary, therefore, to check the distances from 

every gripper element in a child to one another. This leads to the following second constraint: 

• All chromosomes, including the first parent’s chromosome and all offspring 

throughout the generations, should have a minimum distance between each of their 

active gripper elements with a value ≥ 𝐶𝑙𝑒𝑎𝑟𝑎𝑛𝑐𝑒𝑚𝑖𝑛. This value is selected and 

set by the user and throughout this research, it is set as the diameter of the biggest 

gripper element in the option space. 

Both constraints are checked in every generation after mutations have occurred but before 

the offspring are evaluated. For the FOS, there are two possibilities when this constraint is 

not satisfied: 
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1. If one or more children satisfy the constraint, then only these are collected and 

evaluated under the fitness criteria. The rest of the children that do not satisfy the 

constraint are simply ignored. 

2. If no children satisfy the constraint, then all children are discarded, and the original 

parent is transmitted again as the parent of the next generation. This allows for a net 

set of mutated offspring with new chromosomes to try and satisfy the constraint. 

This continues until at least one child satisfies the constraint. 

For the minimum distance between gripper elements constraint, a different course of action 

is taken. If one or more children satisfy the constraint, then only those who did not satisfy it 

are forced to mutate again under the same mutation vector of the present generation. 

Mutations are repeated on the same child until it satisfies the constraint. In the case where 

none of the children satisfy the constraint, then simply all children are forced to mutate until 

all satisfy the constraint. 

4.2.5 Elitism 

To ensure an improving trend in fitness throughout the generations, one of the children from 

the next generation is always assigned with the parent’s chromosome. In other words, an 

exact copy of the parent, called the “elite” child, is passed to the next generation while the 

other children are allowed to mutate. As a result, if the mutations accidentally produce 

children that all result to be less fit than their parent, then the elite child, which has the same 

fitness as the parent, would get chosen as the fittest of the generation. Thus, guaranteeing 

that the fittest child of a generation will always be at least as fit as the previous generation 

and the overall fitness will keep increasing monotonically. Currently, the algorithm allows 

for this option to be manually turned on and off by a Boolean variable. 

4.3 Visualizing a Grasp Configuration 

After the GA finds a suitable solution that meets the desired selected criteria, the user can 

take the chromosome in its vector form and transfer it back to the option space framework 
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to visualize it. To do so, the chromosome is split in two. The first portion will contain the 

genes for the number of suction cups and all 5 indices for the suction cups in the child. The 

second one will contain the same information but for the magnets. The two resulting row 

vectors will look as follows: 

𝑆𝑢𝑐𝑡𝑖𝑜𝑛𝐶𝑢𝑝𝑉𝑒𝑐𝑡𝑜𝑟 = {𝑛𝑠𝑢𝑐, 𝑆1, 𝑆2, 𝑆3, 𝑆4, 𝑆5} 

𝑀𝑎𝑔𝑛𝑒𝑡𝑉𝑒𝑐𝑡𝑜𝑟 = {𝑛𝑚𝑎𝑔, 𝑀1, 𝑀2, 𝑀3, 𝑀4, 𝑀5} 

Equation 13: Suction Cup and Magnet Split Vectors 

Once the user inputs these two vectors in the framework, a set of the respective suction cups 

and magnet CAD models will be placed on the respective grasp points of the child. Figure 

19illustrates an example of the child grasp visualization. Note that aside from the models, 

the gripper structure approximation, shown in green, is also displayed. This visualization 

helps the user evaluate other aspects that are outside of the scope of this research such as 

avoidance volumes, manufacturing constraints, etc. 

 

Figure 19: Example of a Grasp Visualization 
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Chapter 5 

Implementation of the Algorithm 

5.1 Generating the Option Space in Siemens NX 9 

The algorithm discussed in section 4.1 is implemented in Siemens NX 9 with a design 

automation tool programmed with the Siemens NX Knowledge Fusion language. The 

functionality is implemented in a menu item called “Gripper Fitment.” Once the user loads 

the solid model of the part into the NX workspace, the user can start the Gripper Fitment 

module which will pop up in the dialog box shown in Figure 20.  

 

Figure 20: Gripper Fitment Dialog Box 

This dialog box contains seven divisions. The 1st division contains a single button that 

prompts the user to select the solid body to consider for gripper footprint placement. Note 

that the user is only allowed to select solid bodies, so sheet body parts that lack thickness are 
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not accepted. The reason for this is that this program requires parts to have mass as several 

fitness criteria and constraints require mass for calculation. 

Once a solid body is selected, the 2nd division prompts the user to approximate the workpiece 

with a 2D polygon in the grasp plane, which in the current version of the algorithm is the X-

Y plane by default. The user does this by selecting and adding existing vertices in the part. 

After inputting the vertices, the user then presses the “generate polygon” button which 

generates two polygons using the set of ordered vertices. An example of the generated 

polygons using the four corners of the main face and a scale factor of 0.65 can be observed 

in Figure 21. The first polygon (in green) represents the 2D approximation of the part. This 

polygon is then scaled by the user-defined scale factor to generate the blue polygon. This 

scaled polygon (in blue) is the ideal deflection polygon used in the deviation fitness criteria 

explained earlier in 4.2.3.3. 

 

Figure 21: User-Defined 2D Polygon Approximation 
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After the user has approximated the part with a 2D polygon, the 3rd and 4th divisions, as seen 

in Figure 20, prompt the user to select the specific gripper elements to be used in the fitment 

analysis. The user can select suction cups and/or magnets from a database of industrial 

gripper elements with brands such Piab, Schmalz, and Goudsmith Magnetics. The gripper 

elements in this database contain the necessary geometric properties such as diameter or 

length and width, for circular and rectangular elements respectively. Other properties such 

as weight, cost, material, shape, normal force, etc. are also included in the database and used 

later in the implementation.  

Once the gripper elements are selected the user then must select the faces to place the suction 

cups and the faces to place the magnets. The faces for suction cups and magnets can overlap 

if the user wishes to consider both suction cups and magnets in the same face during the 

gripper fitment analysis. After selecting these gripper elements, the last step before starting 

the fitment analysis is to select the pitch that would define the gripper element's footprint 

center distance from one another. This is a single input box in the 5th division of the dialog 

box. Here, the user inputs this value in the respective units that the part is defined in. For 

example, if the part is modeled in imperial units, this value would be defined in inches. In 

case it is a metric part, then the value would be defined in millimeters. Finally, the “Analyze 

Fitment” button in the 6th division is pressed and the gripper fitment analysis starts. 

The first step of the analysis is to generate the grids overlaid in the face (or faces) selected 

by the user. Each grid extends for as long as the bounding square of the face in question. A 

grid generated on the selected surface of the part featured in Figure 20 with a 10 mm pitch, 

24 mm circular suction cups, and 30 mm circular magnets can be seen in Figure 22.  
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Figure 22: Option Space Grid 

After this grid is generated, the algorithm will try to put the respective gripper element 

footprint in each available point following the rules discusses in section 4.1. The program 

then hides the grid and only leaves the resulting gripper elements footprints in the face of the 

part. The result of the grid analysis in Figure 22 is shown in Figure 23.  
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Figure 23: Option Space Result 

5.2 Evaluating the Option Space in Microsoft Excel 

Now that the option space was generated, the next step is to evaluate it using the variant of 

the genetic algorithm discussed earlier. From the dialog box in Figure 20, the user can click 

on the “Configure Gripper” button on the 6th division that becomes available after the option 

space is produced. Clicking on this button opens a new dialog box, as seen in Figure 24. 
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Figure 24: Gripper Configuration Dialog Box 

Like the dialog box in Figure 20, this dialog box has seven divisions. The first two divisions 

allow the user to select the minimum and the maximum number of suction cups and magnets 

the grasp configuration should allow. The current state of the algorithm allows a minimum 

of one of each gripper element and a maximum of five of each gripper element.  

Once the user selects the minimum and maximum of each element, the option space data 

along with the part information shown in the 3rd division of the dialog box, need to be 

transferred to the second part of the framework. To do this, the user presses the spreadsheet 

icon button in the 4th division, which prompts the user to select the appropriate Excel file 

where the GA resides. Once the proper file is selected, the “Export to Excel” button is pressed 

and NX starts writing the relevant data into the Excel spreadsheet. 

Figure 25 shows the portion of the Excel spreadsheet where the imported data from NX is 

received. The left side contains the necessary part data as well as the gripper elements data. 

The right side contains the coordinates of the suction cup and magnet footprints with the 

respective indices. Note that, for brevity reasons, the figure only shows 20 indices out of the 
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whole list in this option space. In this example, the list goes up to 146 indices for suction 

cups and 292 for magnets. 

 

Figure 25: Option Space Input Parameters 

Also imported from NX, is the ordered list of points for the ideal deflection polygon 

approximation generated during the previous steps. Figure 26 shows the area in the 

spreadsheet where this information is stored. Aside from the ordered points, the information 

also includes the scale factor and the centroid of the part. With all this information in the 

Excel spreadsheet, the GA has all the necessary data to start producing generations to find 

an optimized grasp configuration. 

Attribute Value Index

(mm) (mm) (mm) (mm) (mm) (mm)

Part data X Y Z X Y Z

Part mass (g) 13796.19 1 159.4286 26.19048 100 159.4286 26.19048 100

Centroid X (mm) 0.032786 2 159.4286 15.71429 100 159.4286 15.71429 100

Centroid Y (mm) 0.006258 3 159.4286 5.238095 100 159.4286 5.238095 100

Centroid Z (mm) 45.06829 4 159.4286 -5.2381 100 159.4286 -5.2381 100

5 159.4286 -15.7143 100 159.4286 -15.7143 100

Suction cup data 6 159.4286 -26.1905 100 159.4286 -26.1905 100

# Suction Cups (Min.) 1 7 138.8571 89.04762 100 138.8571 89.04762 100

# Suction Cups (Max.) 5 8 138.8571 -89.0476 100 138.8571 -89.0476 100

Normal force capacity (N) 24 9 128.5714 89.04762 100 128.5714 89.04762 100

Unit price ($) 12 10 128.5714 78.57143 100 128.5714 78.57143 100

Weight (g) 7 11 128.5714 68.09524 100 128.5714 68.09524 100

Total #  suction cups 146 12 128.5714 -68.0952 100 128.5714 -68.0952 100

13 128.5714 -78.5714 100 128.5714 -78.5714 100

Magnet data 14 128.5714 -89.0476 100 128.5714 -89.0476 100

# Magnets (Min.) 1 15 118.2857 89.04762 100 118.2857 89.04762 100

# Magnets (Max.) 5 16 118.2857 78.57143 100 118.2857 78.57143 100

Normal force capacity (N) 130 17 118.2857 68.09524 100 118.2857 68.09524 100

Unit price ($) 20 18 118.2857 57.61905 100 118.2857 57.61905 100

Weight (g) 215 19 118.2857 -57.619 100 118.2857 -57.619 100

Total # magnets 292 20 118.2857 -68.0952 100 118.2857 -68.0952 100

Suction cup locations

INPUT PARAMETERS (ALL DATA in GRAMS, MILLIMETERS, and NEWTONS)

Magnet locations
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Figure 26: Ideal Deflection Polygon Approximation Data 

The GA is implemented in five steps. These are: 1) Initial Chromosome Creation, 2) Parent 

Chromosome Replication, 3) Children Mutation, 4) Children Evaluation, and 5) Fittest Child 

Determination. Before starting the algorithm, the user can input several GA parameters as 

shown in Figure 27. Step 1 is only done once in a particular run of the GA, while steps 2 

through 5 are repeated in a loop until the halting criteria are satisfied.  

 

Figure 27: Genetic Algorithm Parameters 

Scale Factor: 0.65
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i x y z

1 -116.9885 71.5022 15.7739

2 117.0115 71.5022 15.7739
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4 -116.9885 -71.4978 15.7739
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5.2.1 Initial Chromosome Creation 

This first step aims to create the initial chromosome of the starting parent in the GA. There 

are two ways the user can do this. The first one is to randomly generate the chromosome 

using the implemented randomizer shown in the first block in Figure 28. The randomizer 

generates a number from 1 to 5 for the first two genes of the chromosomes, a number from 

1 to 𝑛 for the suction cup indices genes, and a number from 1 to 𝑚 for the magnets indices 

genes, where 𝑛 and 𝑚 are the total number of grasp points in the option space for suction 

cups and magnets, respectively. 

The second one is to manually input the chromosome using the index data for the gripper 

elements previously shown in Figure 25 and inputting the respective genes in the second 

block of Figure 28. The user selects from these two options by typing a 1 in the first 

parameter shown in Figure 27. Regardless of the option the user chooses, the user-defined 

chromosome is used as the benchmark for the fitness criteria, and the initial chromosome is 

stored in the last block of Figure 28 for later comparison to optimized children.  
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Figure 28: Initial Chromosome Blocks 

5.2.2 Parent Chromosome Replication 

After the initial grasp is generated, its chromosome is first copied in a “parent chromosome 

block.” In all other generations, the chromosome of the fittest child is the one copied into 

this block after evaluation. All children then receive the same chromosome from this block 

in their respective card templates. Only the first two children’s cards are shown in Figure 29 

for brevity. Both children’s cards are shown before mutation and before evaluation. The next 

two sections will show how the cards change due to mutation and evaluation, respectively.  

Total # Index 1 Index 2 Index 3 Index 4 Index 5

Suction 1 67 23 5 135 79

Magnets 4 202 198 237 241 85

Total # Index 1 Index 2 Index 3 Index 4 Index 5

Suction 3 8 65 140 1 1

Magnets 3 7 80 139 1 1

FoS Cost Moment Dev. Struc.

3.414 105 7933.465 24.53555 1130.17

Total # Index 1 Index 2 Index 3 Index 4 Index 5

Suction 3 87 64 140 99 40

Magnets 1 3 8 19 67 153

Divergence

4.000

User-Defined Chromosome

Initial Chromosome

Random Chromosome Generator
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Figure 29: Children Card Template 

5.2.3 Children Mutation 

After all the five children’s cards are filled with a copy of the parent in the previous step, the 

next procedure is to mutate them. In the case elitism is turned on, only the last four children 

are mutated and the first one remains unmutated, as explained in 4.2.5. The mutation of each 

gene in each child’s chromosome is controlled by the mutation matrix, shown in Figure 30. 

As explained earlier, each cell in the matrix has a 1-in-n chance of being a one. In this case, 

a 1-in-4 mutation probability is inputted. Every generation this matrix is filled randomly 

Child 1 (Elite) Child 2

Total # Index 1 Index 2 Index 3 Index 4 Index 5 Total # Index 1 Index 2 Index 3 Index 4 Index 5

Suction 3 87 64 140 99 40 Suction 3 87 64 140 99 40

Magnets 1 3 8 19 67 153 Magnets 1 3 8 19 67 153

Moment of forces from the suction cups Moment of forces from the suction cups

i xi yi zi Fi.xi Fi.yi Fi.zi i xi yi zi Fi.xi Fi.yi Fi.zi

1 #N/A #N/A #N/A #N/A #N/A #N/A 1 #N/A #N/A #N/A #N/A #N/A #N/A

2 #N/A #N/A #N/A #N/A #N/A #N/A 2 #N/A #N/A #N/A #N/A #N/A #N/A

3 #N/A #N/A #N/A #N/A #N/A #N/A 3 #N/A #N/A #N/A #N/A #N/A #N/A

4 #N/A #N/A #N/A #N/A #N/A #N/A 4 #N/A #N/A #N/A #N/A #N/A #N/A

5 #N/A #N/A #N/A #N/A #N/A #N/A 5 #N/A #N/A #N/A #N/A #N/A #N/A

(mm) (mm) (mm) (N-mm) (N-mm) (N-mm) (mm) (mm) (mm) (N-mm) (N-mm) (N-mm)

Moment of forces from the magnets Moment of forces from the magnets

i xi yi zi Fi.xi Fi.yi Fi.zi i xi yi zi Fi.xi Fi.yi Fi.zi

1 #N/A #N/A #N/A #N/A #N/A #N/A 1 #N/A #N/A #N/A #N/A #N/A #N/A

2 #N/A #N/A #N/A #N/A #N/A #N/A 2 #N/A #N/A #N/A #N/A #N/A #N/A

3 #N/A #N/A #N/A #N/A #N/A #N/A 3 #N/A #N/A #N/A #N/A #N/A #N/A

4 #N/A #N/A #N/A #N/A #N/A #N/A 4 #N/A #N/A #N/A #N/A #N/A #N/A

5 #N/A #N/A #N/A #N/A #N/A #N/A 5 #N/A #N/A #N/A #N/A #N/A #N/A

(mm) (mm) (mm) (N-mm) (N-mm) (mm) (mm) (mm) (N-mm) (N-mm)

Lifting force Cost ($) Lifting force Cost ($)

Force from grippers (N) 0 0 Force from grippers (N) 0 0

Part weight (N) 135.3407 Part weight (N) 135.3407

FoS 0 FoS 0

#VALUE! #VALUE! #VALUE! #VALUE!

Center of forces from grippers Center of forces from grippers

x_c 0.032786 x_bar delta_x 0.032786 (mm) x_c 0.032786 x_bar delta_x 0.032786 (mm)

y_c 0.006258 y_bar delta_y 0.006258 (mm) y_c 0.006258 y_bar delta_y 0.006258 (mm)

z_c 45.06829 z_bar delta_z 45.06829 (mm) z_c 45.06829 z_bar delta_z 45.06829 (mm)

Center of force offset 45.06831 (mm) Center of force offset 45.06831 (mm)

Unbalanced moment from weight 6099.575 (N-mm) Unbalanced moment from weight 6099.575 (N-mm)

FoS Cost Moment Dev. Struc. FoS Cost Moment Dev. Struc.

#DIV/0! 0 0.768841 #VALUE! #VALUE! #DIV/0! 0 0.768841 #VALUE! #VALUE!

3 105 7933.465 24.53555 1130.17 3 105 7933.465 24.53555 1130.17<-- Fitness Goals <-- Fitness Goals

DD 

Fitness

Structure 

Fitness

DD 

Fitness

Structure 

Fitness

#VALUE! #VALUE!

Normalized Fitness Values Normalized Fitness ValuesDivergence Divergence
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based on the probability given. For more details on how these numbers are generated, see 

Appendix A. 

 

Figure 30: Mutation Matrix 

Figure 31 shows an example of applying the matrix in Figure 30 to the children’s cards 

previously shown. The mutated genes are highlighted for emphasis. Note that, since elitism 

is turned on in this example, the first child does not mutate. 

 

Figure 31: Mutated Children Cards 

Each child is checked against the “Minimum Gripper Element Distance Constraint” after 

mutating. In the case the child does not satisfy the constraint, then it is mutated again in a 

loop until it satisfies the constraint. Note that an infinite loop can occur due to a particular 

mutation matrix not allowing the chromosome to change the genes necessary to satisfy the 

constraint. For example, if the child chromosome and mutation matrix combination shown 

in Figure 32 occurs, only the red genes shown will be allowed to change. In this case, indices 

4 and 5 of both gripper elements will never satisfy the constraint no matter how many times 

the child is mutated. To prevent this, after the loop reaches 1000 iterations, the mutation 

matrix is overridden to allow for changes in the number of gripper elements. Thus, allowing 

cases like Figure 32 to be avoided. 

Mutation matrix

Total # Index 1 Index 2 Index 3 Index 4 Index 5

Suction 0 1 0 1 0 0

Magnets 0 0 0 1 0 0

Child 1 (Elite) Child 2

Total # Index 1 Index 2 Index 3 Index 4 Index 5 Total # Index 1 Index 2 Index 3 Index 4 Index 5

Suction 3 87 64 140 99 40 Suction 3 135 64 24 99 40

Magnets 1 3 8 19 67 153 Magnets 1 3 8 105 67 153
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Figure 32: Infinite Loop Child/Matrix Combination 

5.2.4 Children Evaluation 

During this step, each mutated child card is filled with the respective calculated data. More 

details on the functions that calculate each respective value in Figure 33 are shown in 

Appendix A. The relevant cells containing the fitness criteria values are highlighted in 

several colors to make them easier to spot.  

Child 2

Total # Index 1 Index 2 Index 3 Index 4 Index 5

Suction 5 8 65 140 1 1

Magnets 5 7 80 139 1 1

Mutation matrix

Total # Index 1 Index 2 Index 3 Index 4 Index 5

Suction 0 0 1 0 0 0

Magnets 0 1 0 1 0 0
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Figure 33: Evaluated Children Cards 

5.2.5 Fittest Child Determination 

At the bottom of each card, the summary of fitness criteria and constraints is presented in 

the manner described in 4.2.3.5. This presentation makes it easy to see that child #2 is the 

fittest according to the divergence criteria, while child #1 is the fittest according to the 

residual moment criteria for example. Based on each one of these values and the combination 

of fitness criteria selected by the user before running the GA, the fittest child is copied into 

the parent chromosome block.  

Child 1 (Elite) Child 2

Total # Index 1 Index 2 Index 3 Index 4 Index 5 Total # Index 1 Index 2 Index 3 Index 4 Index 5

Suction 3 87 64 140 99 40 Suction 3 135 64 24 99 40

Magnets 1 3 8 19 67 153 Magnets 1 3 8 105 67 153

Moment of forces from the suction cups Moment of forces from the suction cups

i xi yi zi Fi.xi Fi.yi Fi.zi i xi yi zi Fi.xi Fi.yi Fi.zi

1 -56.5714 89.04762 100 -1357.71 2137.143 2400 1 -128.571 68.09524 100 -3085.71 1634.286 2400

2 15.42857 -89.0476 100 370.2857 -2137.14 2400 2 15.42857 -89.0476 100 370.2857 -2137.14 2400

3 -138.857 -89.0476 100 -3332.57 -2137.14 2400 3 108 78.57143 100 2592 1885.714 2400

4 -77.1429 -78.5714 100 -1851.43 -1885.71 2400 4 -77.1429 -78.5714 100 -1851.43 -1885.71 2400

5 87.42857 78.57143 100 2098.286 1885.714 2400 5 87.42857 78.57143 100 2098.286 1885.714 2400

(mm) (mm) (mm) (N-mm) (N-mm) (N-mm) (mm) (mm) (mm) (N-mm) (N-mm) (N-mm)

Moment of forces from the magnets Moment of forces from the magnets

i xi yi zi Fi.xi Fi.yi Fi.zi i xi yi zi Fi.xi Fi.yi Fi.zi

1 159.4286 5.238095 100 20725.71 680.9524 13000 1 159.4286 5.238095 100 20725.71 680.9524 13000

2 138.8571 -89.0476 100 18051.43 -11576.2 13000 2 138.8571 -89.0476 100 18051.43 -11576.2 13000

3 118.2857 -57.619 100 15377.14 -7490.48 13000 3 -87.4286 -57.619 100 -11365.7 -7490.48 13000

4 5.142857 68.09524 100 668.5714 8852.381 13000 4 5.142857 68.09524 100 668.5714 8852.381 13000

5 138.8571 89.04762 87 18051.43 11576.19 11310 5 138.8571 89.04762 87 18051.43 11576.19 11310

(mm) (mm) (mm) (N-mm) (N-mm) (mm) (mm) (mm) (N-mm) (N-mm)

Lifting force Cost ($) Lifting force Cost ($)

Force from grippers (N) 202 45 Force from grippers (N) 202 45

Part weight (N) 135.3407 Part weight (N) 135.3407

FoS 1.49253 FoS 1.49253

26.38804 973.5953 19.65476 920.4524

Center of forces from grippers Center of forces from grippers

x_c 0.032786 x_bar 81.21641 delta_x -81.1836 (mm) x_c 0.032786 x_bar 101.9915 delta_x -101.959 (mm)

y_c 0.006258 y_bar -7.20886 delta_y 7.215122 (mm) y_c 0.006258 y_bar 10.21688 delta_y -10.2106 (mm)

z_c 45.06829 z_bar 100 delta_z -54.9317 (mm) z_c 45.06829 z_bar 100 delta_z -54.9317 (mm)

Center of force offset 98.28698 (mm) Center of force offset 116.2641 (mm)

Unbalanced moment from weight 13302.23 (N-mm) Unbalanced moment from weight 15735.26 (N-mm)

FoS Cost Moment Dev. Struc. FoS Cost Moment Dev. Struc.

2.0100099 0.428571 1.676723 1.075502 0.861459 2.01001 0.428571 1.983403 0.801073 0.814437

3 105 7933.465 24.53555 1130.17 3 105 7933.465 24.53555 1130.17<-- Fitness Goals <-- Fitness Goals

DD 

Fitness

Structure 

Fitness

DD 

Fitness

Structure 

Fitness

4.042 4.027

Normalized Fitness Values Normalized Fitness ValuesDivergence Divergence
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Before going back to the second step, the fitness of the fittest child is compared to the 

baseline child fitness. If the fitness of the first is better, then its chromosome is also stored 

in the “valid design list” along with the generation number.  

5.3 Visualizing a Grasp Configuration in Siemens NX 9 

After evaluating the option space, the user can either take any chromosome from the valid 

design list or from the elite child card to transfer back to NX. To do this, the user simply 

copies the first row of 6 genes (orange row), and the second row of genes (green row) from 

a chromosome, as shown in Figure 34, and paste it “as is” into input boxes on the 5th division 

in the gripper configuration dialog box previously shown in Figure 24.  

 

Figure 34: Elite Child Chromosome 

After pressing “Create Configuration” in the NX dialog box, the algorithm will place solid 

models of suctions cups and magnets in the respective places dictated by the chromosome. 

Figure 35 shows the configuration resulting from the elite child chromosome from Figure 34 

copied into NX with the respective structure approximation. Figure 36 shows a wireframe 

view from the top showing the structure approximation in red and gripper elements in cyan 

and magenta. 

Child 1 (Elite)

Total # Index 1 Index 2 Index 3 Index 4 Index 5

Suction 1 67 128 85 8 12

Magnets 3 195 257 216 250 61
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Figure 35: Optimized Grasp Configuration Visualization 
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Figure 36: Optimized Grasp Structure Approximation 

  



64 
 

Chapter 6 

Results and Discussion 

This section will focus on showing the results of testing the implemented algorithm described 

in the previous sections. First, it will describe the testing method used with all specimens 

and explain how the results will be outlined in sections 6.4 and 6.5. For brevity, only two 

out of four tests are discussed, while the results of the other two are included in the 

appendices. Then, it will discuss the gripper elements used and the GA parameters values 

considered for all runs. Finally, it will present the results of each specimen test along with 

the respective findings. 

6.1 Testing Method 

The framework test was conducted with four different sheet-metal workpieces, shown in 

Figure 37 below. Note that the workpieces are not shown on the same scale. Although all 

workpieces have different dimensions and properties, they shared several traits such as the 

presence of straight cuts and holes, 90-degree bends, large flat surfaces, and other features 

commonly found in sheet-metal parts.  
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Figure 37: Testing Specimens 

Using the gripper fitment automation program implemented in NX, an option space was first 

created in each part. This option space was used throughout all GA runs conducted in the 

part in question and from which a user-defined grasp based on designer experience was 

selected as a benchmark. The testing on each part consisted of submitting each part to two 

different use case scenarios. The first scenario involved running the GA starting from a 

randomly generated grasp chromosome, while the second scenario entailed starting from the 

user-defined grasp chromosome. Due to the stochastic nature of the algorithm, each scenario 

was run two times per part to check if vastly different solutions appeared. 

With four parts including two scenarios that ran twice each, there was a total of 16 GA runs. 

Each run was then labeled according to the part, scenario, and run number. For example, 

P4S1R2 refers to the 2nd run of the 1st scenario in the 4th part. This notation is going to be 

used through the rest of this chapter to describe each run. 

To grade the performance of the framework, a fitness criteria table for each run was 

constructed to compare the initial grasp, the 1000th generation grasp, and the final optimized 
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grasp, against the user-defined benchmark using the fitness vector notation explained in 

section 4.2.3.5. Furthermore, the plots for all fitness criteria vs generation were constructed 

to give insight into how they changed over time. Finally, visual CAD representations of both 

user-defined and final grasps are shown for comparison. 

6.2 Gripper Elements Used 

To create the option space in each part, the same gripper elements were always used. This 

made it possible to see how the algorithm behaved when using a different total number of 

grippers, as the mass of the parts ranged from 8.85 kg to 27.0 kg. The suction cup and magnet 

used for testing are shown in Figure 38.  

 

Figure 38: Suction Cup (left) and Magnet (right) Used for Testing5, 6 

The suction cup used is the Schmalz SAF 40 NBR-60 flat-shaped cup made from 60 shore 

A nitrile rubber NBR with an outer actuated diameter of 46 mm. It is rated for 69 N in the 

normal direction when actuated at 60 kPa. During the gripper fitment phase, the footprint 

 
5  “SAF 40 NBR-60 M10-AG." Schmalz. Accessed July 15, 2020. https://www.schmalz.com/en/vacuum-technology-for-

automation/vacuum-components/vacuum-suction-cups/flat-suction-cups-round/flat-suction-cups-saf-

302308/10.01.01.10716/. 

6  “SGM-HP 30 G1/8-IG." Schmalz. Accessed July 15, 2020. https://www.schmalz.com/en/vacuum-technology-for-

automation/vacuum-components/special-grippers/magnetic-grippers/magnetic-grippers-sgm-hp-ht-306089/10.01.17.00316/. 
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size was assumed to be the actuated diameter and during the optimization, it is assumed the 

cup is actuated at 60 kPa. 

The magnet used is the Schmalz SGM-HP 30 circular magnet with an outer diameter of 30 

mm. Without a friction ring it can exert 130 N of force on a 2 mm sheet of metal. During the 

gripper fitment phase, the footprint size was assumed to be the outer diameter and during the 

optimization, it is assumed that 130 N was the force exerted to all parts. 

6.3 Genetic Algorithm Parameters 

The parameters used during the GA runs remained the same throughout all the runs, except 

for the fitness criteria baselines which changed with each part, and for the “User-Defined 

Starting Chromosome” Boolean which changed with each scenario as explained earlier. A 

summary of the GA parameters used can be seen in Figure 39. The orange highlighted values 

are constants that did not change in any run, the blue highlighted values changed from part 

to part, and the green value changed between scenarios. 

 

Figure 39: GA Parameters Used During Testing 
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All runs were stopped after 50000 generations, and in each one, the genes had a 25% 

mutating chance. For the constraints, the minimum required distance between each gripper 

element was set at 46 mm, the value of the outer actuated diameter of the suction cup. For 

the FOS constraint, the value was set at 3, as previously stated in section 4.2.4.1. Thus the 

optimized grasps were required to withstand at least 3 times the weight of the workpiece. 

Finally, the last constant in the parameters is the “Structure Linear Density Ratio”, which 

was discussed in section 4.2.3.4. This was given a value of 2.5 and describes the linear 

density ratio between the main truss and any branch truss of the estimated structure that 

would hold the gripper elements.  

Based on previous trials using a former version of this framework [47], it was determined 

that using a combination of all fitness criteria yielded the most realistic solutions. However, 

using this option narrowed the design space which increased the number of generations the 

algorithm takes to converge. For these reasons, the testing done in this work used the 

convergence fitness criterion, explained earlier in section 4.2.3.5, which combines all the 

individual criteria into one. 50000 generations were the number observed to reach 

convergence in all 4 specimens presented. 

6.4 Test Case 1 

6.4.1 Workpiece Characteristics and Option Space 

The first test specimen, P1, shown in Figure 40 is a C-shaped bracket with several holes in 

it and a protrusion in the middle with a hole. This specimen weighs 13.8 kg and is about 400 

mm in length and about 220 mm in width. The combination of weight, relatively small 

bounding box, and hole features of the part comprised the main challenges of this specimen. 
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Figure 40: Test Specimen P1 

Figure 41 shows a wireframe view of the part with the respective option space generated 

with the top face selected for grasping and the pitch set at 10 mm. For this option space, 

there are a total of 28 suction cup footprints (cyan) and 104 magnet footprints (magenta). 

Additionally, the four corners of the top face were selected as the polygon approximation of 

the workpiece (green) and the ideal deflection polygon (blue) was created according to a 

scale factor of 0.6. The black circles represent the user-defined chromosome used as the 

benchmark for this test.  



70 
 

 

Figure 41: P1 Option Space with User-Defined Chromosome 

6.4.2 Fitness Criteria Plots 

The following plots show how the fitness criteria evolved throughout the generations with 

the user-defined grasp as the benchmark. The horizontal axis is shown in a logarithmic scale 

as significant changes in fitness tend to span over a larger number of generations as the 

algorithm progresses. 
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Figure 42: P1 FOS vs Generation Number 

 

Figure 43: P1 Cost vs Generation Number 
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In the FOS plot, it can be observed that in all runs, the value eventually was lowered to a 

number closer to 3. This is probably a consequence of the GA trying to lower other criteria 

that relate to the number of gripper elements such as cost and structure. Note that both runs 

that started with a random chromosome (blue and green) took some generations before 

satisfying the FOS constraint. Thus the reason why these plots start later in the graph. This 

phenomenon happens in all plots. 

Interestingly, in the P1S1R1 run (blue) at around generation 8000, the FOS went down but 

the cost went up. This is the case when two suction cups get exchanged by a magnet. This 

yields a net loss of 8 N but increases the price by $10. In both cases when the algorithm 

started with a random chromosome (blue and green), they converged on the same FOS and 

cost values, while the cases that started with the user-defined chromosome (red and yellow) 

showed the same behavior. 

 

Figure 44: P1 Residual Moment vs Generation Number 
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Figure 45: P1 Deviation vs Generation Number 

The residual moment plot seems very erratic at the beginning, but after about 10000 

generations, all runs seem to converge to a similar value. Unfortunately, this value is about 

25% higher than the benchmark which is not ideal. On the other hand, the algorithm seemed 

to do a pretty good job at monotonically lowering the deviation from the ideal deflection 

polygon. After about 150 generations, it reached convergence on all four runs. This seems 

to be the generation where the moment also got stabilized in all runs but P1S1R2 (green). 
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Figure 46: P1 Structure vs Generation Number 

 

Figure 47: P1 Divergence vs Generation Number 
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Similar to the deviation criteria, the algorithm was very efficient in lowering the structure. It 

also seems that after about 300 generations, the trend stabilized, finally reaching two 

equilibriums at around generation 8000. Another interesting note is that both runs that started 

with a random chromosome (blue and green) converged in the same value, while the runs 

that started with a random chromosome (red and yellow) exhibited the same behavior. In the 

P1S1R1 run (blue) where the FOS went down but the cost when up, it can be observed that 

the structure value went down significantly. Thus, this increase in cost is justified by the 

decrease in structure. 

All divergence plots developed trends that closely resembled the deviation trends. This 

suggests that the criterion that had the most impact on the divergence was the deviation. All 

runs seemed to have converged in a value close to 2.8, which is a significant improvement 

over the 4.0 benchmark value. After around 8000 generations, the progress seemed to cease 

as, after 42000 more generations, there were no improvements in the divergence criteria. 

6.4.3 Fitness Tables 

Table 4: P1 Fitness Criteria Table for Sample Grasps 

 

Table 4 show the detail of the fitness criteria on some sample generations in each run. It can 

be observed clearly that for all runs, the deviation fitness and structure fitness was greatly 

improved while the moment deteriorated by about 25%. Regardless of the run, the algorithm 

greatly improved the deviation by over an order of magnitude. The structure approximation 

Grasp FoS Cost Moment Deviation Structure Divergence Grasp FoS Cost Moment Deviation Structure Divergence

Benchmark 3.96 100.00 6099.57 27.97 1111.43 4.00 Benchmark 3.96 100.00 6099.57 27.97 1111.43 4.00

Gen: 1 2.43 - - - - - Gen: 1 3.96 100.00 7926.02 16.15 1028.72 3.80

Gen: 10 3.45 90.00 7673.66 6.29 740.51 3.05 Gen: 10 3.45 90.00 7852.05 7.02 909.84 3.26

Gen: 100 3.45 90.00 7641.54 2.09 701.36 2.86 Gen: 100 3.45 90.00 7477.23 6.29 707.24 2.99

Gen: 1000 3.45 90.00 7619.85 2.09 661.54 2.82 Gen: 1000 3.45 90.00 7619.85 2.09 661.54 2.82

Gen: 50k 3.39 100.00 7575.71 2.10 534.04 2.80 Gen: 50k 3.45 90.00 7619.85 2.09 661.54 2.82

Grasp FoS Cost Moment Deviation Structure Divergence Grasp FoS Cost Moment Deviation Structure Divergence

Benchmark 3.96 100.00 6099.57 27.97 1111.43 4.00 Benchmark 3.96 100.00 6099.57 27.97 1111.43 4.00

Gen: 1 2.43 - - - - - Gen: 1 3.96 100.00 6099.57 27.97 1111.43 4.00

Gen: 10 3.39 100.00 8474.31 12.57 484.09 3.27 Gen: 10 3.45 90.00 7510.40 10.37 807.33 3.23

Gen: 100 3.39 100.00 8265.57 4.71 462.86 2.94 Gen: 100 3.45 90.00 7679.04 2.10 661.54 2.83

Gen: 1000 3.39 100.00 8476.53 2.09 411.43 2.83 Gen: 1000 3.45 90.00 7620.15 2.10 661.54 2.82

Gen: 50k 3.39 100.00 7575.71 2.10 534.04 2.80 Gen: 50k 3.45 90.00 7620.15 2.10 661.54 2.82

Part 1 - Random Initial Chromosome - Run 1

Part 1 - Random Initial Chromosome - Run 2

Part 1 - User-Defined Initial Chromosome - Run 1

Part 1 - User-Defined Initial Chromosome - Run 2
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was lowered almost 50% from the benchmark value, while the cost remained the same or 

got lowered by a trivial amount. 

Note that the 1st generations of the runs that started with the random chromosomes had 

unusable configurations since the grasps did not satisfy the FOS constraint. Another point to 

note is that coincidentally gripper elements’ locations for the 1000th generation of P1S1R1 

are identical to those in the 50000th generation of P1S2R1. This is interesting since the former 

started with a random chromosome whereas the latter started with the user-defined one. 

6.4.4 Grasp Configuration Model 

Although it cannot be explicitly seen in the fitness table, the grasp resulting from the P1S2R1 

is a mirror image of the grasp from P1S2R2. Figure 48 shows the benchmark grasp 

constructed from designer experience, and Figure 49 shows the optimized grasp resulting 

from the P1S1R1 run. Both grasps are shown from a top view perspective in wireframe form 

and the gripper structure approximation is shown in red with the main truss in bold. The 

structure fitness of the optimized grasp is vastly better than the user-defined one. 

Additionally, although not explicitly seen, the optimized grasp is significantly closer to the 

ideal deflection polygon. The main problem with the optimized grasp, which is the 25% 

increase in the residual moment, can be explained by the lack of force symmetry the single 

suction cup causes. 
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Figure 48: P1 User-Defined Grasp - Wireframe Top View 

 

Figure 49: P1S1R1 Optimized Grasp - Wireframe Top View 
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To get a better perspective of how this would look like in real life, Figure 50 and Figure 51 

show the same grasps as above but now in isometric view with gripper elements’ models 

mounted on top of the grasp faces. 

 

Figure 50: P1 User-Defined Grasp - Gripper Elements with Structure 
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Figure 51: P1S1R1 Optimized Grasp - Gripper Elements with Structure 

6.5 Test Case 2 

6.5.1 Workpiece Characteristics and Option Space 

The second test specimen, P2, can be observed in Figure 52. This part is a sheet metal frame 

that resembles the internal frame of a car’s door. The part includes a vast array of features 

including holes, cuts, bends. This frame weighs 8.4 kg and is around 1100 mm in length and 

around 800 mm in width. Compared to the specimen in the first test, the weight of this part 
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is significantly low relative to its bounding box. This combined with the complex bends, 

cuts, and holes posed the main challenges for the algorithm. 

 

Figure 52: Test Specimen P2 

A wireframe top view of the part with the option space generated by selecting nine of the 

internal faces of the part and the pitch set at 10 mm is shown in Figure 53. Included in this 

option space, there are a total of 228 suction cups (cyan) and 519 magnets (magenta). The 

seven points used to construct the polygon approximation were all five corners of the part 

and the middle points of the side edges. The ideal deflection polygon was then generated by 

scaling the approximation polygon by a factor of 0.5. The black circles represent the user-

defined chromosome used as the benchmark for this test. 
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Figure 53: P2 Option Space with User-Defined Chromosome 

6.5.2 Fitness Criteria Plots 

All the runs were plotted to show the evolution of the fitness criteria through the generations 

with the user-defined grasp fitness used as a benchmark. Similar to the plots in section 6.4.2, 

the horizontal axis, which represents the generation number, is shown in a logarithmic scale 

to allow the changes through the generations to be seen clearly. 
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Figure 54: P2 FOS vs Generation Number 

 

Figure 55: P2 Cost vs Generation Number 
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The runs that started with the random chromosomes (green and blue) had significant changes 

in the FOS through the first generations. Since this part only weighs about 8.8 kg, the grasp’s 

FOS was more prone to abrupt changes due to adding or removing gripper elements from it. 

This, combined with the fact that both started with a very high residual moment, caused the 

FOS to jump around. At around generation 110, both runs stabilized the number of gripper 

elements and, with them, the FOS. By generation 130, all 4 runs reached the same number 

of gripper elements. 

In the runs for this part, there were no anomalies with the cost. This time, the trend for the 

cost plot followed the FOS plot exactly. After all the runs reached the minimum FOS before 

breaking the constraint, the $50 cost for all grasps remained untouched. 

 

Figure 56: P2 Residual Moment vs Generation Number 
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Figure 57: P2 Deviation vs Generation Number 

The runs that started with random chromosomes (blue and green) started with a residual 

moment of more than seven times the value of the benchmark. Thus, they were not shown 

in the plot for scaling purposes, but the values are shown later in the next section. After about 

12 generations, these two runs aligned with values closer to the other runs and the 

benchmark. In terms of trends, the P2S1R1 and P2S2R1 runs (blue and red) were the most 

erratic between generations 50 and 150. The sudden rise in the residual moment on the 

P2S1R1 run around generation 120 was correlated with the sudden drop in the structure and 

cost plots around that same time, which means that the drop of the latter two outweighs the 

increase in the former. A similar case happened in the P2S2R1 run (red) at around generation 

100. All runs but the P2S2R1 (red) converged in the same number, while the latter converged 

in a lower value. 

The deviation plots also exhibited a bit of erratic behavior. Only the P2S1R1 run (green) 

followed an almost monotonically descent into convergence. The P2S1R1 and P2S2R1 runs 

(blue and red) only showed minor disturbances between generations 50 and 400. Lastly, the 

0

10

20

30

40

50

60

70

80

1 10 100 1000 10000 100000

D
ev

ia
ti

o
n

 f
ro

m
 t

h
e 

Id
ea

l D
ef

le
ct

io
n

 
P

o
ly

go
n

 (
m

m
)

Deviation vs Generation Number

P2S1R1 P2S1R2 P2S2R1 P2S2R2 Benchmark



85 
 

P2S2R2 run (yellow) oscillated near the benchmark value until near generation 4000 got a 

sudden drop, reaching the same convergence value as the P2S1R1 and P2S1R2 runs (blue 

and green). 

 

Figure 58: P2 Structure vs Generation Number 
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Figure 59: P2 Divergence vs Generation Number 
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chromosome (blue and green) got a significant increase in the structure during the first 10 

generations. After that, the P2S1R2 run (green) first dropped twice as a direct result of 

gripping elements being eliminated, and then slowly and steadily decreased until it reached 

convergence. The other three runs had several sudden drops in their plots before reaching 

convergence. The P2S1R1 run (blue) got a big drop around generation 120 when the residual 

moment got a big increase, and the cost got reduced by more than half. It then went up again 

around generation 400 when the deviation went down significantly. The two drops that the 
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by the elimination of one magnet, as the respective drop in the cost suggests, while the 
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All four runs’ divergence decreased monotonically until about generation 5000 where they 

mostly remaining within the same respective values. Only at around generation 30000, the 

P2S2R2 run (yellow) decreased a slight amount. Three out of the four runs converged into 

the same value, while only the P2S2R1 run converged to a slightly better value towards the 

end. 

6.5.3 Fitness Tables 

Table 5: P2 Fitness Criteria Table for Sample Grasps 

 

In Table 5 the details for the fitness criteria of some chromosomes from each run can be 

observed. Contrary to the results in section 6.4, in this part’s testing, all fitness criteria were 

improved regardless of the run. In all four runs, the cost was reduced by almost 40%. In three 

out of the four runs, the residual moment was reduced by only about 8%, while in the P2S2R1 

run it got reduced by almost 30%. The deviation values got reduced by more than 80% in 

three runs, while in the P2S2R1 run only got reduced by around 45%. Finally, in three out 

of four runs, the structure value got reduced by about a little more than 20%, while in the 

P2S2R1 run it got reduced by around 40%. 

An interesting point to see is the 1st generations of the random initial chromosome runs. 

Although the FOS constraint was met, the huge amount of residual stress resulted in a value 

of over 10 in divergence for both runs. This was quickly improved and by generation 1000 

Grasp FoS Cost Moment Deviation Structure Divergence Grasp FoS Cost Moment Deviation Structure Divergence

Benchmark 4.58 80.00 2321.29 34.23 1827.91 4.00 Benchmark 4.58 80.00 2321.29 34.23 1827.91 4.00

Gen: 1 3.88 60.00 17508.83 64.40 839.01 10.63 Gen: 1 4.58 80.00 2321.29 34.23 1827.91 4.00

Gen: 10 6.78 130.00 2041.90 49.46 1976.32 5.03 Gen: 10 4.58 80.00 2321.29 34.23 1827.91 4.00

Gen: 100 6.78 130.00 1520.68 24.22 1831.18 3.99 Gen: 100 3.08 50.00 3999.62 17.59 1410.28 3.63

Gen: 1000 3.08 50.00 2128.13 6.54 1529.75 2.57 Gen: 1000 3.08 50.00 1608.52 20.66 1504.39 2.74

Gen: 10k 3.08 50.00 2131.14 6.27 1540.32 2.57 Gen: 10k 3.08 50.00 1652.65 14.83 1087.54 2.37

Gen: 50k 3.08 50.00 2147.74 6.14 1439.03 2.52 Gen: 50k 3.08 50.00 1652.65 14.83 1087.54 2.37

Grasp FoS Cost Moment Deviation Structure Divergence Grasp FoS Cost Moment Deviation Structure Divergence

Benchmark 4.58 80.00 2321.29 34.23 1827.91 4.00 Benchmark 4.58 80.00 2321.29 34.23 1827.91 4.00

Gen: 1 7.57 140.00 16565.83 43.81 1518.37 11.00 Gen: 1 4.58 80.00 2321.29 34.23 1827.91 4.00

Gen: 10 3.08 50.00 3933.97 42.38 1742.93 4.51 Gen: 10 4.58 80.00 2321.29 34.23 1827.91 4.00

Gen: 100 3.08 50.00 2184.00 9.21 1451.59 2.63 Gen: 100 4.58 80.00 1907.39 35.33 1736.53 3.80

Gen: 1000 3.08 50.00 2346.55 5.34 1444.58 2.58 Gen: 1000 3.08 50.00 1724.84 40.46 1000.64 3.10

Gen: 10k 3.08 50.00 2147.74 6.14 1439.03 2.52 Gen: 10k 3.08 50.00 2128.43 6.48 1524.46 2.57

Gen: 50k 3.08 50.00 2147.74 6.14 1439.03 2.52 Gen: 50k 3.08 50.00 2147.74 6.14 1439.03 2.52

Part 2 - Random Initial Chromosome - Run 2 Part 2 - User-Defined Initial Chromosome - Run 2

Part 2 - Random Initial Chromosome - Run 1 Part 2 - User-Defined Initial Chromosome - Run 1
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both runs were in the same neighborhood as the other two runs. The last thing to notice is 

that the fitness criteria values for the P2S1R1, P2S1R2, and P2S2R2 are all identical. This 

is because all three runs resulted in the same grasp, even when two started with distinct 

random chromosomes and one started with the user-defined chromosome. 

6.5.4 Grasp Configuration Model 

The best overall run out of the four was the P2S2R1 with a value of 2.37 for the divergence 

criteria. To visualize and compare this grasp, Figure 60 shows the benchmark grasp defined 

by the designer, and Figure 61 shows the optimized grasp. As before, both grasps are shown 

from a top view perspective in wireframe form. The gripper structure approximation is 

shown in red with the bold line representing the main truss and the slim lines representing 

the branch trusses. 

The main evident advantages the optimized grasp has over the user-defined one are the 

amount and therefore cost of the gripper elements and the gripper structure length. Both are 

significantly lower than the benchmark. Additionally, the optimized grasp is closer to the 

ideal deflection polygon, which is not shown. The main downside the grasp has is the 

relatively lower stability compared to the user-defined grasp. This, however, is based on 

observation only as there are no fitness criteria yet that take into account stability. This and 

other additional fitness criteria are planned for future work. 
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Figure 60: User-Defined Grasp - Wireframe Top View 
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Figure 61: P2S2R1 Optimized Grasp - Wireframe Top View 

Finally, to show how these grasp configurations look in a 3D model, Figure 62 and Figure 

63 show the isometric shaded views of the specimen’s 3D model with the gripper elements 

on the respective grasps’ positions and the gripper structure approximation. 
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Figure 62: P2 User-Defined Grasp - Gripper Elements with Structure 

 

Figure 63: P2S2R1 Optimized Grasp – Gripper Elements with Structure 

Test cases 3 and 4 had similar results in terms of the fitness criteria plot trends. The figures, 

tables, and plots for these other tests are located in Appendices D and E, respectively, for 

further examination. The organizational structure followed there is the same as with the first 
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two test cases. The main downsides of the resulting grasps for test case 3 were also related 

to lower stability relative to the user-defined grasp.  

After running all 16 runs, an interesting phenomenon occurred. Although it is clear from the 

fitness tables from each specimen that the overall fitness of all runs in the specimen was very 

close to each other, the chromosomes show that sometimes the grasps generated by them 

were either the same or a mirror of each other. This occurred in 7 out of the 16 runs. Some 

examples are shown below. 

 

Figure 64: Specimen 1 Convergence 

Figure 64 shows two chromosomes resulting from different runs in specimen one. It is clear 

that the number of suction cups and magnets is the same. Moreover, it is also evident that 

two of the magnets’ indices are also identical, but what is not evident is that the other index 

for the suction cups and the indices for the magnets are mirrors of each other. That is, the 

two grasps resulting from these chromosomes are a mirror of each other with respect to the 

axes of symmetry the specimen has. 
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Figure 65: Specimen 2 Convergence 

In the case of specimen 2, it can be seen in Figure 65 that in three out of four runs, the 

resulting grasps were the same. This was the case regardless of if the starting chromosome 

was generated at random or if the user-defined chromosome was selected for that purpose. 

 

Figure 66: Specimen 3 Convergence 
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A similar case to specimen 2 occurred with specimen 3, where two out of four resulting 

grasps were the same regardless of the initial chromosome starting from a randomly 

generated chromosome or the user-defined chromosome. 

These observations in three out of the four specimens give a mild suggestion that the 

framework might be reaching a global optimum when following the respective fitness 

criteria outlined by the framework. More experimentation on this note is left for future 

testing. 

6.6 Summary of Observations 

After running the algorithm with four different sheet-metal specimens, the following points 

summarize its behavior throughout the testing: 

1. Overall, the algorithm was always able to reduce always the divergence of the initial 

grasps significantly. Always beating the benchmark value of 4.0 with values closer 

to 2.5. 

2. The only fitness criterion that was not improved through all runs in the testing was 

the residual moment. There were 5 out of 16 runs where this criterion got worse, 

even when the grasp got better overall. 

3. Based on the testing done, the main drivers of overall improvements were the 

deviation and structure criteria. 

4. The algorithm converges to solutions close to each other regardless of the run 

starting with a random chromosome or a user-defined chromosome. In some cases, 

mirror grasps, or even identical grasp were reached by completely different initial 

chromosomes. 

5. Although the FOS was not used as a criterion, the algorithm tended to drive this 

value to the minimum possible. This is a direct impact of the algorithm trying to 
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lower the cost as much as possible since the FOS and cost are directly related to the 

same variable: the number of gripper elements used. 

6. In two out of the four parts considered, the resulting grasps, although optimal 

according to the fitness criteria in this work, were less stable compared to the 

designer-generated one. The reason for this is that the structure criterion has an 

inverse bias towards stability as it tries to pull the gripper elements close to each 

other. 

6.7 Limitations 

While the results presented previously lay grounds for several conclusions, it should not be 

ignored that the assumptions and laid earlier and the early state of the framework attach some 

limitations to the latter. The following subsections discuss the limitations identified in this 

work. 

6.7.1 Equal Weight Distribution 

In reducing the scope of the parts characteristics in section 3.2, the second point assumed 

that the sheet metal parts have equal weight distribution across the plane of grasping. This 

posed an idealized situation in which parts that have vastly different weight distributions on 

the plane of grasping where not accurately assessed by the deviation criterion. An example 

where this assumption clearly presents an idealized situation is with specimen 1, which have 

vastly different distributions near the left and right edges compared to other areas due to the 

hanging volumes. 

A possible workaround for this assumption would be to create a finite grid on the plane of 

grasping with approximate values for the weight distribution. This could be considered 

during the evaluation of the deviation criteria or even beforehand during the generation of 

the ideal deflection polygon. 
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6.7.2 Stability Criterion 

The second limitation found in this work was the lack of a stability criterion. This was 

evident in some cases during the testing where the grasps generated by the framework thrived 

in the criteria considered but lack distribution of the grasp points leading to less stable grasps. 

This result was not surprising since the gripper structure size approximation has an opposite 

bias towards distribution of the grasp points. 

The simple solution for this limitation is to include a stability criterion in future iterations of 

the framework that directly rewards grasps that distribute the grasp points throughout the 

grasp plane. A possible implementation is briefly listed in section 7.3. 
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Chapter 7 

Conclusions and Future Work 

The final chapter of this thesis focuses on summarizing the contributions made by the design 

of this framework and results obtained from testing, answering the research questions 

previously outlined, and finally discussing the future work which would pave the way for 

the next iteration of the framework. 

7.1  Summary of Contributions 

The main contribution of this research is the design and implementation of a grasp planning 

automation framework using an evolutionary approach. The framework takes into 

consideration a variable number of suction cups and gripper elements and iteratively selects 

from an option space of different positions for them. To obtain an optimized grasp, the 

framework employs a variant of the genetic algorithm which takes into account the factor of 

safety against weight, the total cost of the gripper elements, residual moment produced by 

the grasp, estimated deflection of the sheet-metal part due to its weight, and approximation 

of the structure required to support the gripper elements. 

The framework was validated by conducting a series of tests with four sheet-metal 

specimens. Four optimized grasps were obtained for each specimen, from which two started 

from a random grasp, while the other two started from a user-defined one. Using the 

respective user-designed grasp as the benchmark, all 16 optimized grasps scored better in 

the overall criterion considering all criteria mentioned above. This was the case regardless 

of the genetic algorithm started with a random grasp or the user-defined one. The limitations 

that the framework presents were related to the lack of a stability criterion which prevented 

the grasps to be more spread out. 

7.2 Answers to Research Questions 

From the test results, the research questions are answered as follows: 
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Answer to RQ1. Yes. An evolutionary approach for grasp synthesis can lead to viable 

configurations of multi-type grippers. The current version of the 

framework produced viable configurations on multiple occasions that 

satisfy the domain constraints while simultaneously scoring better in the 

overall fitness criteria when compared to designers’ user-defined grasp 

configurations. 

Answer to RQ2. Combining the fitness criteria described in section 4.2.3 of this thesis 

caused the framework to produce grasps that approach an optimized 

Pareto in front of the fitness criteria. All four runs in all sheet-metal 

specimens produced a grasp with a value for divergence extremely close 

to each other. 

Answer to RQ3. In most cases, runs that started from a random grasp configuration resulted 

in a divergence value close to the one for the grasps that started from a 

user-defined grasp. Moreover, in some cases, the optimized grasp 

configurations were identical even when the two runs started from random 

grasps or user-defined grasps. 

7.3 Future Work 

In the future, this research can be extended in two main directions: improvements in the 

gripper fitment automation program, and improvements in the genetic algorithm. To enhance 

the gripper fitment program, finger-based grippers such as 2-jaw and clamps can be added 

as the third type of gripper element. This will complete the set of the three most used gripping 

principles used in mechanical assembly [10]. Furthermore, the algorithm can be extended to 

accept inclined and vertical faces for grasping, increasing the scope of scenarios the 

framework can tackle. 

In the genetic algorithm direction, additional criteria that consider the stability of the grasp 

such as maximizing the area enclosed by the grasp polygon and approaching the grasp 

polygon to an equilateral polygon, like the ones used in [15,16]. Additionally, internal 
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improvements in the GA’s working like increasing the generation size and including 

crossover as the second operator should be explored. 

It is expected that the framework presented in this thesis to develop multi-type optimized 

grasps for sheet-metal gripping systems, would eventually reach a mature state which can be 

directly integrated into commercial CAD packages to aid designers in accelerating the launch 

of new products to market.  
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VBA Modules with the GA 
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Appendix B 

Excel Defined Names 
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Appendix C 

NX Code 
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Appendix D 

Test Case 3 
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Grasp FoS Cost Moment Deviation Structure Divergence

Benchmark 3.24 180.00 95920.83 102.27 2804.96 4.00

Gen: 1 3.50 190.00 79646.57 62.39 1252.68 2.94

Gen: 10 3.24 180.00 84706.77 62.37 1252.68 2.94

Gen: 100 3.24 180.00 82759.90 52.67 1252.68 2.82

Gen: 1000 3.01 160.00 79555.59 44.09 1355.28 2.63

Gen: 10k 3.01 160.00 81854.23 25.89 1204.01 2.42

Gen: 50k 3.01 160.00 82645.94 18.92 1336.70 2.41

Part 3 - Random Initial Chromosome - Run 1

Grasp FoS Cost Moment Deviation Structure Divergence

Benchmark 3.24 180.00 95920.83 102.27 2804.96 4.00

Gen: 1 1.50 - - - - -

Gen: 10 1.19 - - - - -

Gen: 100 3.01 160.00 74361.47 58.34 1320.18 2.71

Gen: 1000 3.01 160.00 78906.95 38.01 1516.07 2.62

Gen: 10k 3.01 160.00 82920.21 25.89 1229.80 2.44

Gen: 50k 3.01 160.00 82077.60 19.13 1356.72 2.42
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Part 3 - User-Defined Initial Chromosome - Run 2
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Appendix E 

Test Case 4 
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