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Problem definition 

•  Offshore crane design requires the configuration of a 
large set of design parameters (ca. 120 parameters) in a 
way that meets customers’ demands and operational 
requirements.  

•  Manual design is time consuming, tedious and 
expensive process. 
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Motivation 

•  Reduce time and cost involved in the design process 
using VP and optimization algorithms. 
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What is virtual prototyping? 

•  Virtual prototyping, VP, is a software-based engineering discipline 
which involves modeling a system, simulating and visualizing its 
behavior under real-world operating conditions, and refining its 
design through an iterative process. 

•  VP is used as a substitute for rapid prototyping. 

•  VP is used for simulation and visualization of physical systems. 

•  VP can be used to test anything from component parts to entire 
machines - without building relatively expensive physical prototypes. 

•  VP does not produce a physical object for testing and evaluation 
but, as its name suggests, carries out these tasks within a computer. 
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What is virtual prototyping? 
•  VP enables users to quickly explore multiple design 

variations, testing and refining them until system performance 
is optimized. 

•  This can help reduce the time and cost of new product 
development and significantly improving the quality of overall 
system designs. 

•  VP technology doesn't require hardware to physically make a 
prototype, as in rapid prototyping, and consequently involves 
less cost. 

•  The goal of using VP technology is to minimize time and cost, 
and maximize quality and efficiency 
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Optimization Algorithms 

•  Optimization is the selection of a best element (with 
regard to some criteria) from some set of available 
alternatives. 

•  Is used to replace the manual configuration process. 
•  Test and evaluate various alternatives of design 

parameters in a short time. 
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Optimization problem 

•   A maximization problem can be treated by negating the 
objective function. 

•  Multi-objective functions can be combined into single objective 
function 
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ِِِCase study: an off-shore knuckleboom 
crane designed by Seaonics AS 
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Main components of the crane 
and its 2D load chart  
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CPT GUI 
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Choice of optimization variables 
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Choice of optimization variables 

•  Among the 120 different design parameters, four design 
parameters that greatly affect both SWLmax and W were 
chosen as decision variables, namely: 
–  the boom length Lboom; 
–  the jib length Ljib; 
–  the maximum pressure of the boom cylinder Pmax,boom; 

and 
–  the maximum pressure of the jib cylinder Pmax,jib.  

•  All other design parameters were identical to those of the 
nominal crane. 
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Objective functions 
•  SWL: safe working 

load (ton) (é) 
•  Weight: total crane 

weight (ton) (ê) 
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Software architecture for Matlab 
optimizer 

Use	Matlab	WebSocket	(WS)	and	JavaScript	Object	Nota;on	(JSON)		

Crane	is	modeled	
and	simulated	as	a	

black	box	
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Standard GA &  Obj. Functions 
•  Continues GA 
•  Single objective function 
•  Minimization 
•  Problem formulation: 

min
x∈X

f (x) = min
x∈

Lboom ,
Ljib ,
Pmax ,boom ,
Pmax , jib
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suchthat 12000 ≤ Lboom ≤ 26000,
6000 ≤ Ljib ≤16000,
100 ≤ Pmax,boom ≤ 400,
50 ≤ Pmax, jib ≤ 300,

Obj.Functions :
f1(x) =W SWL
f2 (x) =ω1 SWL +ω 2W
f3(x) =ω1 SWL +ω 2 Wn −W
f4 (x) =ω1 SWLn − SWL +ω 2W
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Multi-Objective Optimization (MOO) 

•  In MOO, optimal decision need to be taken in the 
presence of trade-offs between two or more 
conflicting objectives (competing obj. functions) 

•  The two KPIs SWL and W were used as two 
individual objective functions. 

•  Matlab MOOGA Solver is used to maximize SWL 
and minimize W. 

•  f1=1/SWL, and f2=W 
•  The optimal solution is provided as a set of Pareto-

optimal solutions for values of the design 
parameters. 

•  Each of these solutions results in a crane design 
with SWLmax = 140.95 tones and W = 43.88 tones.  
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Bio-objective optimization problem 

SWL	

W	

Maximize	SWL	and	minimize	W	

Pareto	front	
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GA and MOO results 
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Particle Swarm Optimization (PSO) 

•  PSO is inspired by the observation that groups of individuals 
work together to improve not only their collective performance 
on some task, but also their individual performance. 

•  Performance in PSO is improved based on these basic ideas: 
–  inertia, where individuals tend to stick to the old ways that have 

been proven successful in the past, 
–  influence by society, where individuals try to emulate the 

approaches of successful stories of others, and 
–  influence by neighbours, where individuals learn the most from 

those who are personally close to them rather than their societies.  
•  A simple PSO is initialized with a group of random particles 

(solutions) moving in the search space with the same velocity, 
searching for optimum solution by updating generations.  
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Simulated Annealing (SA) 

•  SA is an optimization algorithm that is emulating the 
cooling and crystallizing behavior of chemical 
substances. 

•  Since annealing in nature results in low-energy 
configurations of crystals, it can be simulated in an 
algorithm to minimize cost functions.  
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Results 
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Comparison 
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Conclusions 
•  PSO outperforms GA and SA algorithms in terms of 

resultant KPIs’ values. 
•  PSO provided the highest possible maximum safe 

working load, SWLmax, and the lowest possible crane 
weight, W, compared to GA and SA. 

•  GA converges faster than PSO, however, it requires 
tedious and time consuming human involvement in 
setting up various parameters before using it or re- 
tuning. 

•  In addition to its implementation simplicity and the less 
number of parameters required to be tuned, PSO can be 
considered as a multi-population EAs and therefore it is 
believed that it outperforms both GA and SA. 
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Conclusions 
•  The results also showed that SA has the slowest 

performance compared to GA and PSO and this is 
because SA does not have a population of candidate 
solution and instead use a single candidate solution 
each generation.  
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Future work 
•  The solution proposed in this paper is not limited to 

crane design but can easily be extended and applied to 
the design of various other products or complex systems. 

•  Various optimization algorithms should be tested. 
•  Other KPIs should be investigated. 
•  Optimization or decision variables should be extended to 

include other design variables (up to 120 parameters) 
•  How the load-chart can be optimized requires more 

investigation. 
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Thanks for your attention … 
 
Questions? 


