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Abstract—The scanning strategy for selective laser melting – 

an additive manufacturing process – determines the temperature 

fields during the manufacturing process, which in turn affects 

residual stresses and distortions, two of the main sources of 

process-induced defects. The goal of this study is to develop a 

multi-objective approach to optimize the cellular scanning 

strategy such that the two aforementioned defects are minimized. 

The decision variable in the chosen problem is a combination of 

the sequence in which cells are processed and one of six scanning 

strategies applied to each cell. Thus, the problem is a combination 

of combinatorial and choice optimization, which makes the 

problem difficult to solve. On a process simulation domain 

consisting of 32 cells, our multi-objective evolutionary method is 

able to find a set of trade-off solutions for the defined conflicting 

objectives, which cannot be obtained by performing merely a local 

search. Possible similarities in Pareto-optimal solutions are 

explored.   

Keywords— scan strategies; additive manufacturing; residual 

stress; distortions 

I. INTRODUCTION 

Selective laser melting (SLM) is a class of additive 
manufacturing in which a highly-focused laser beam scan and 
melt a layer of gas-atomized metal power at selected places 
following a particular strategy.  Because of the accuracy of the 
process and layer-by-layer fabrication, SLM allows for 
manufacturing of complex structures with internal features and 
thin walls, where traditional processes cannot be used. Like most 
additive manufacturing process, the setup cost is comparatively 
low, and thus it provides an alternative for easy prototyping and 
potentially direct manufacturing.  

 The current state-of-the-art machines implementing SLM 
process determine the aforementioned strategy based upon the 
geometry of the component being produced. As the 
manufacturing process involves building a component layer-by-
layer, the machine typically receives a slice of the component as 
input, corresponding to the thickness of the layer being 
produced. Thereupon, the best-practice involves dividing the 
domain into randomly oriented islands (or cells) of similar or 

different sizes that are then processed using a randomly 
generated sequence but always following a parallel scanning 
strategy [1].  

The chosen scanning strategy, however, directly affects the 
temperature field over the process, and therefore some research 
can be found in literature towards determining good scanning 
strategies [2] [3] [4] [5] [6] [7] [8] [9] [10]. The relative scarcity 
of research in this field is an outcome of the large computation 
time/resource requirements for solving the multi-scale multi-
physics problem in selective laser melting.  However, a few 
works [11] [12] exist that approach the optimization of scanning 
strategy as a heuristic problem, thereby achieving practical 
solutions within acceptable timeframes.  

Prior activities towards optimizing cellular scanning strategy 
have adopted a single-objective formulation and implemented it 
across models of progressing complexity - leveraging the 
capability of each model to limit the parametric window within 
certain accuracy. Drawing upon earlier success, the current 
study seeks to develop a multi-objective approach towards 
optimizing the cellular scanning strategy to widen the scope of 
process optimization. As the focus of the current work is on 
identifying meaningful objective functions as well as assessing 
the performance of the optimizing algorithm, a simplified 
thermal model is used instead of a complex multi-physics 
model. As such thermal modeling forms the basis for analyzing 
the development of thermal stresses, predicting the growth of 
microstructures and mechanical properties in products 
manufactured using selective laser melting – and thus is a good 
starting point for implementing the evolutionary algorithms. 

Recent advances in multi-objective optimization allows us 
to study the interaction of two or more conflicting objectives in 
practical problems like the SLM process. Here, we use a method 
following the principals of non-dominating sorting genetic 
algorithm (NSGA II) [13] to find multiple trade-off solutions in 
a single simulation. Results obtained from the optimization run 
are analyzed to find important information about how to create 
a good solution in a SLM process. 
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In the remainder of the paper, we present the numerical 

model description of the SLM process in Section II. 

Formulation of three objectives is provided in Section III. 

Details about the optimization algorithm are discussed in 

Section IV. Results from optimization runs are provided in 

Section V and conclusions of this study are made in Section VI.  

II. NUMERICAL MODEL DESCRIPTION 

A simple 2D rectangular domain of size l × w and of 

thickness δ is considered for the current study. The domain is 

discretized such that the distance between two adjacent nodes in 

the x-y directions is δ, thereby resulting in cubic elements (Fig. 

1). Starting with ambient temperature of T=T∞, a simple method 

based on finite difference is used to update the temperature field 

using the energy equation while assuming constant thermal 

properties: 

𝑘0∇2𝑇 + �̇�𝑉 = 𝜌𝑐𝑃

𝜕𝑇

𝜕𝑡
,                     (1) 

where 𝑇 = 𝑇(𝑥, 𝑦, 𝑡) is the transient temperature field, �̇�𝑉 is the 
equivalent heat applied with a laser beam of power Plaser to a 
domain exposed to convective cooling under ambient 
conditions, k0 is the heat conductivity of the powder, 𝜌 is the 
density of the powder, and 𝑐𝑃 is the specific heat capacity of the 
powder. The time step size when solving the above equation 
system is chosen small enough to ensure that the laser beam 
affects each cubic element for several time steps, thereby 
increasing the accuracy of the temperature predictions especially 
when latent heat is to be considered, i.e. when 
melting/solidification occurs. The current thermal model 
neglects the temperature-dependence of material properties as 
well as the influence of material distribution in form of a 
powder bed; however, as stated earlier, the focus of the current 
study is development of the multi-objective optimization 
approach for which the current thermal model is adequate.  

 

Fig. 1.  A sample part consisting of 6×4 elements 

III. FORMULATION OF THE OBJECTIVES 

As a starting point, minimization of distortions and residual 
stresses are chosen as objectives for the optimization study. 
These two objectives are mechanical entities, and thus a method 

of quantifying them in terms of thermal entities is the first task. 
The following section deals with formulation of functions that 
can potentially give a measure of these defects. 

A. Formulation for Residual Stresses 

Prince Rupert’s Drops [14] are an excellent example of how 
thermal residual stresses develop in materials subjected to high 
heating and cooling rates. In the absence of external 
anchoring/restraints, only regions with sufficiently high 
temperatures i.e. molten/soft regions that are self-constrained by 
solid regions can develop residual stresses upon solidification 
and cooling. As the dependence of the aforementioned 
phenomena on the gradient of temperatures is apparent, a 
reasonable objective can be: 

𝑓1(𝜽) = ∫ ∯ (|
𝜕𝑇

𝜕𝑥
| + |

𝜕𝑇

𝜕𝑦
|) 𝑑𝐴𝑑𝑡

𝑡

0

.     (2) 

Using discretization technique, the above function can be 
approximated as follows: 

𝑓1(𝜽) ∝ ∑ ∑ ∑ (
|𝑇(𝑥𝑖 , 𝑦𝑗 , 𝑡𝑘) − 𝑇(𝑥𝑖−1, 𝑗, 𝑡𝑘)|

+|𝑇(𝑥𝑖 , 𝑦𝑗 , 𝑡𝑘) − 𝑇(𝑥𝑖 , 𝑦𝑗−1, 𝑡𝑘)|
) 

𝐼

𝑖=2

𝐽

𝑗=2

𝐾

𝑘=1

(3) 

This formulation implicitly penalizes isolated overheated 
regions because they result in a higher value for the average 
gradient of temperature. It is also expected to favor processing 
central regions before exterior regions as such scenarios would 
reduce the temperature gradients as compared to when exterior 
cells are processed first. 

B. Formulation for Distortions 

In the current study, the displacement of the powder due to 

thermal expansion, denudation and/or vapor expulsion are not 

considered. Thus, thermal expansion/contraction will result in 

displacement of the molten regions upon cooling and returning 

to the room temperature, which can cause distortions. Thermal 

displacement is proportional to increase in temperature and the 

size of the region subject to such an increase. Therefore, the 

average displacement is proportional to the average 

temperature difference between the part and ambient: 

 Δ𝑖𝑗𝑘 = 𝛼(𝑇(𝑥𝑖 , 𝑦𝑗 , 𝑡𝑘) − 𝑇∞) (1) 

in which α is the coefficient of thermal expansion of the 

powder. The cumulative displacement at any time t=tk can then 

be calculated as follows: 

Δ̅𝑘 = ∑ ∑ Δ𝑖𝑗𝑘

𝐼

𝑖=1

𝐽

𝑗=1

 (2) 

This cumulative displacement might affect the location of 
melting for the remaining parts (not melted so far) relative to the 
original process plan. Taking this into consideration, a measure 
of in-plane distortions during the SLM process can be obtained 
via the following formulation: 

δ 

δ 

y 

x 
δ 

l 

w 



𝑓2(𝜽) = ∑ Δ̅𝑘×(𝑡T − 𝑡𝑘)

𝑇

𝑘=1

 

C.  Overheated Regions 

Overheated regions negatively affect the quality of the final 

product [1] [10] [11]. Therefore, another potential objective can 

be minimization of the average number of elements that have 

become overheated during scanning:  

 

𝑓3(𝜽) =
1

𝐾
∑ ∑ ∑ 𝑐𝑖𝑗𝑘𝑇(𝑥𝑖 , 𝑦𝑗 , 𝑡𝑘),

𝐼

𝑖=1

𝐽

𝑗=1

𝐾

𝑘=1

  

 𝑐𝑖𝑗𝑘 = {
0  if  𝑇(𝑥𝑖 , 𝑦𝑗 , 𝑡𝑘) < 𝑇overheat 

1              otherwise                  
 

(3) 

in which Toverheat is a fixed value (approximated as mean of 

melting and boiling temperature) specifying the overheat 

temperature.   

IV. OPTIMIZATION ALGORITHM 

In the current study, a real-valued genetic algorithm is used 

to optimize the scanning path with respect to the objective 

functions. Unlike previous studies [1] [9] [12], where the 

optimization problem was decomposed into two sub-problems, 

in the current study optimization of the scanning sequence and 

the scanning strategy for each cell is performed at the same 

time. While the previous studies chose to split the optimization 

problem into sequential optimization of sub-problems so as to 

reduce the computation requirements, the quality of the 

optimized solutions can undoubtedly be improved by treating 

both the sequence and cell strategy together. The operators of 

the developed method are defined as follows. 

A. Representation 

Following the methodology employed in  [1], the 2D region 

is divided into Nl×Nw cells (see Fig. 2). Each cell consists of 

several elements which are scanned one after another until the 

whole cell is scanned by the laser. In the current study, each cell 

may be scanned using one of the following six scanning 

strategies (Fig. 3):  

1) Paralleled vertical 

2) Parallel horizontal 

3) Anti-paralleled vertical 

4) Anti-parallel horizontal 

5) Out-Spiral 

6) In-Spiral 

 

 

Fig. 2.  The part is divided into cells each cell, which consists of several 

elements (25 in this illustration), may be scanned different than the other cells.   

For this illustration, Nl=2, Nw=3 and there are 25 elements in each cell.  

 

                         

(a)              (b)             (c) 

                   

(d)              (e)             (f) 

Fig. 3.  Illustration of different scanning strategies: a) Parallel horizontal b) 

parallel vertical c) Anti-parallel horizontal d) Anti-parallel vertical e) Out- 
Spiral and f) In-Spiral 

To configure the overall scanning path, the scanning 

sequence of the cells and the scanning strategy for each cell 

needs to be defined. Therefore, each candidate solution is 

represented by two vectors: θ={q, s}: 

• Elements of q are Natural numbers determining 
sequence of the scanning of the cells. 

• Elements of s  specify the scanning strategy for each 
cell.  

q and s have Nl×Nw elements each. For a feasible design, q 

must be a permutation of Natural numbers from 1 to Nl×Nw.  

B. Recombination 

Since each candidate solution is composed of two types of 

design variables, two types of recombination operators are 

necessary. For the unit cell scanning strategy, s, the standard 

two-point crossover is used, given that the obtained offspring 

are always acceptable since each variable may take any integer 

between 1 and 6 inclusive; however, for the sequence of 

scanning q, a recombination specialized for combinatorial 

optimization is required.  The following recombination 

operators for q have been considered: 

• Partially Mapped Crossover (PMX) 

  (1)        (3)       (5) 

 

  (2)        (4)       (6) 



• Order- Based Crossover (OX1) 

• Cycle Crossover 

• Priority crossover 

• Specialized crossover 

Cycle, PMX and OX1 are well-known crossover operators 

for combinatorial problems [15]. The other two crossover 

operators are explained in this section.  For all the crossovers, 

two parents are selected using tournament selection.  The 

crossover operator is then applied with a probability of Pc.     

1) Priority crossover:  The idea unfrtlying priority 

crossover is that the sequence of the cells indicates their 

priority, which is inherited by the offspring. For example, for 

the case with six cells illustrated in Fig. 4, cell #3 is the first cell 

to be scanned. This means it has the highest priority for 

scanning, which is 6. An offspring inherits the priorities from 

their parents. The priority of each cell of offspring is the 

weighted average of priorities of the corresponding cells in the 

parents. The offspring (q3) can be generated when its priorities 

are known.  

 

 

3 5 6 2 1 4  2 3 5 1 4 6 

 

   

 

2 3 6 1 5 4  3 6 5 2 4 1 

 

 

 

 

 

2.7 5.1 5.3 1.7 4.3 1.9 

 

 

 

 
Fig. 4.  The priority crossover. From top to bottom: two parent’s q1 and q2 are 

selected for recombination. The priority of each cell is calculated for each 

parent. A random weight vector calculates the contribution of the priorities of 
each parent in generating the priorities of the new child. The child (q3) is 

generated by sorting the cell numbers according to their priorities.  

One advantage of this type of crossover is that it can easily 

be generalized to an arbitrary number of parents. For this study, 

the number of parents was fixed to be two, to provide a more 

similar setting to other crossover operators. For each pair of 

parents, two random weight vectors were selected to generate 

two offspring.  

2) Specialized crossover: The specialized crossover uses 

information on 2D arrangement of the cells in this problem. The 

goal of this crossover is to preserve adjacency of cells 

considering 2D heat conduction in the part. Proper use of 

problem-specific knowledge can result in significant 

improvement in efficiency of EAs especially for large-scale 

problem (see [16] and [17] for examples). This crossover is 

summarized in Fig. 5 for Nl=5 and Nw=4. First, a square of 

arbitrary size is selected, e.g. the region highlighted in gray. The 

selected region in both parents might contain common 

numbers, such as those shown in bold. The numbers in the cells 

inside the selected square region are transferred to the offspring 

directly (Fig. 5(b)). Finally, the remaining numbers are 

assigned to the remaining cells, from top to bottom and left to 

right (Fig. 5(c)). This type of crossover resembles OX1; 

however, the selected cells for direct transfer to the offspring 

are inside a square.   

 

12 4 7 5  5 11 13 16 

20 18 9 3  14 20 8 15 

8 15 1 17  12 18 19 9 

10 6 14 13  7 4 2 10 

11 19 2 16  3 1 6 17 
(a) 

00   00  00   00 

 18  9    20 8  

 15  1    18 19  

         

         
(b) 

5 11 13 2  12 6 1 5 

14 18  9 6  10 20 8 3 

12 15  1 16  11 18 19 17 

7 20 8 10  4 7 14 13 

3 4 19 17  15 9 2 16 
(c) 

Fig. 5.  Specialized crossover introduced for 2D cellular scanning.    

C. Mutation 

Each element is mutated with a probability of Pm. We use 

random swap for elements of q, which randomly selects another 

element and switches the values of the two elements. For 

elements of s, the mutation operator replaces the unit cell 

scanning strategy with another strategy. For mutation of the unit 

cell scanning strategies, a higher probability is assigned for 

mutation to a more similar strategy. Based on Fig. 3: 

• Strategies (a) and (c) are more similar to each other than 

to other strategies. 

• Strategies (b) and (d) are more similar to each other 

than to other strategies 

• Strategies (e) and (f) are more similar to each other than 

to other strategies 

The value of each mutated cell may change to any integer 

between 1 and 6 (inclusive) but the current value, with 

dissimilar probabilities: 

• The probability of mutating the scanning strategy to a 

more similar strategy is 1/3. 

3 2 5 1 6 4 

q1 q2 

priority(q1) priority(q2) 

W=[0.3 0.7] 

priority(q3) 

q3 



• The probability of mutating the scanning strategy to 

any other strategy is 1/6.  

D. Selection 

The non-dominated sorting of NSGA-II [13] is applied for 

selection procedure. Thus, solutions with a lower non-

domination rank are selected, and for two non-dominating 

solutions, the one with a greater crowding distance is preferred. 

For details of NSGA-II, readers are referred to [13]. 

V.  RESULTS AND DISCUSSION 

Preliminary results revealed that the values of the second 

defined objective function are almost similar for every solution.  

A possible reason can be the high speed of the process that 

leaves little time for heat transfer to the ambient air i.e. the 

process is conduction-dominated in the simulated time window. 

Therefore, the average temperature of the part at identical times 

is similar for all designs. Consequently, only the first and the 

third objectives are considered for subsequent studies.  

For thermal analysis, the following parameter setting are 

used: 

• l=8 mm, w=4 mm, Nl=8, Nw=4, δ=0.1 mm, T∞=150 ˚C 

• Plaser=120W, dt=12.5 µs, Vlaser=800 mm/s 

• h=7 W/m2.K, k=50 W/m.K, ρ=7850 Kg/m3,  

• Latent melting heat was assumed to be 1260 J/Kg  

In the first stage, a parameter study with limited evaluation 

budget and only five independent runs is performed to compare 

the effect of the aforementioned crossover operators and select 

the most successful ones. In the second stage, a greater 

evaluation budget is used with the most successful crossover 

operator for the problem to find the (near-) Pareto-optimal 

solutions. A local search to check optimality of the obtained 

solutions is also performed.  

A. Finding the Best Crossover Operator  

The following parameter setting are used:  

• TourSize=2 (Tournament size for selection) 

• MaxIter = 600 (Maximum number of iterations) 

• PopSize=100 (Population size) 

• Pc=0.85 (Crossover probability) 

• Pm=1/32 (Mutation probability) 

The five different crossover operators (PMX, OX1, Cycle, 

Priority and Specialized) discussed earlier are applied. For each 

crossover operator, five independent runs are performed. A 

method based on Normal Constraint [18] is used to select 100 

uniformly distributed solutions on the Pareto front. These 

representative solutions are the closest ones to 100 parallel lines 

which make an angle of 45° to the f1 and f3 axes (Fig. 6). This 

results in a more uniformly distributed representative solutions 

than the default crowding distance metric in NSGA-II. For each 

crossover operator, 100 representative solutions are selected 

over the union of the five independent runs. The representative 

solution for each crossover operator are plotted in Fig. 7. 

According to figure 7, OX1 is the most successful crossover 

operator, more specifically for solutions with f1 ≤ 34 it can be 

seen to outperform all other crossover operators.  

 

f1

f3

 
Fig. 6.  Selection of the representative solutions (black circles) from all non-
dominated solutions (all circles). For each line, the closest circles is selected as 

a representative solution.  

 
Fig. 7.  Representative non-dominating front for each crossover operator 

 
Fig. 8.  Non-dominating solutions in selected interval of the optimization 
process when OX1 is selected as the crossover operator. 
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 Fig. 8 illustrates the non-dominated front during the 

optimization when OX1 is employed as the crossover operator. 

As it can be observed, there is a huge improvement in non-

dominating front up to the 200th iteration. Subsequent 

improvements are marginal, although still detectable. 

Therefore, terminating the optimization process at the 600th 

iteration, and possibly earlier, is a reasonable choice.   

B. High-Budgeted Simulations 

Based on the results in the prior section, it can be argued 

that using a larger population size can result in better non-

dominating solutions by providing a stronger exploration of the 

search space, and can be particularly helpful if there are local 

Pareto-optimal solutions in the problem. Thus, the optimization 

process is repeated using a greater evaluation budget. Again, 

OX1 is employed as the crossover operator, since it emerged as 

the best crossover operator for the current problem. In 

comparison with the previous experiments, the population size 

is increased by four times (i.e. to 400) and a slightly greater 

value for the number of iterations (MaxIter =1000) is used. 

Other control parameters are as before. Twenty independent 

runs are performed, and the representative non-dominating 

front over the union of these runs is selected. Furthermore, local 

search is performed around these selected solutions to reach 

(local) Pareto-optimal solutions, as follows: 

For each representative solution, the scanning sequence of 

each pair of cells is swapped and the new design is evaluated 

each time (32×31/2 = 496 evaluations). Similarly, all unit cell 

scanning strategies are implemented for each cell, one after 

another (32×5=160 evaluations). During this process, the 

representative solution is updated whenever a dominating 

solution is found. If 160+496=656 successive evaluations do 

not result in a new dominating solution, the local search is 

terminated, since it cannot find a better solution. The final 

solution can be considered as a Pareto-optimal solution, since 

variation in no single design parameter may result is a dominant 

solution. In addition to representative solutions from NSGA-II, 

the local search is performed for 400 randomly generated 

solutions as well. These solutions are plotted in the objective 

space in Error! Reference source not found..   

Some possible features shared among Pareto-optimal 

solutions are explored by analyzing the distance between pairs 

of successively scanned cells. The normalized move length is 

calculated by dividing this distance by the cell’s edge length 

(0.1 mm). The histograms of the normalized move lengths for 

all pairs of successively scanned cells in 100 Pareto-optimal 

solutions are plotted in Fig. 10.  

Finally, suitability of each scanning strategy for each cell is 

investigated by analyzing the Pareto-optimal solutions. The 

frequency of a scanning strategy for each cell in all 100 Pareto-

optimal solutions is calculated. Since there are six possible 

options and 100 designs, the probability that the scanning 

strategy m appears in n solutions by chance follows a Binomial 

distribution. The expected value for each scanning strategy is 

100/6. It is extremely unlikely that for the cell scanning strategy 

m, we have n ≥ 41 (P (n ≥ 41) ≤ 10–8); therefore, if it happens, 

it can be concluded that it is very likely that that particular cell 

is scanned with strategy m. Conversely, if for a particular cell a 

scanning strategy appears in none of the Pareto-optimal 

solutions (P (n = 0) ≈ 1.2×10–8), we conclude that strategy m is 

unlikely to be suitable for that cell. Suitable and unsuitable 

choices for each cell are determined and illustrated in Fig. 11.  

 

   
Fig. 9.  Representative non-dominating solutions obtained using 20 

independent runs of NSGA-II with a high evaluation budget, and those obtained 

after performing local search on these solutions. The small gray circles are 
locally optimized solutions which were randomly initialized. 

• Fig. 9 illustrates that performing local search on the 
NSGA-II final solutions results in insignificant 
improvement. This implies that NSGA-II was 
successful at finding at least local Pareto-optimal 
solitons. There is a considerable gap between the fitness 
of 400 locally optimized random solutions and those 
obtained by NSGA-II. This implies performing a local 
search is unlikely to result in Pareto-Optimal solutions. 
Reaching diverse solutions on the Pareto front by local 
search is much less likely. 

• The representative front displays a trade-off between the 
objectives which can help decision making on the 
canning path.  A knee is quite often known as the best 
trade-off between the objectives, which can be noticed 
at f1≈ 29.5 in the current case.  

• Fig. 10 demonstrates that the scanning path in Pareto-
optimal solutions follow some specific rules. For 
example, moving from one cell to an adjacent cell which 
only shares a corner is very likely in Pareto-optimal 
solutions, as opposed to cells which share an edge. The 
frequency of such movement is more than 4 times in 
Pareto-optimal solutions than in randomly generated 
solutions (Such a movement results in a normalized 
move length of 1.41). From a thermal physics 
perspective, moving from one cell to the adjacent cell, 
which share an edge, concentrates the heat, resulting in 
increased temperature and superheated regions.  
Conversely, long distance jumps from one cell to 
another cell, with normalized move length of 3.5 or 
greater is also very unlikely to happen in a Pareto-
Optimal solutions. Moving from a cell to a very distant 
cell results in two temperature peak in the temperature 
field, and thus increasing the average temperature 

170
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gradient. It seems that the best scanning path should 
start from one side and gradually move to the other side, 
but it should not scan edge-sharing cells successively. 
An important factor to consider about longer jumps, 
however, is that the results are based on the current 
definition of the objective functions, which inherently 
penalizes the occurrence of two temperature peaks at a 
distance; however, in real practice, such temperature 
peaks do not necessarily imply inferior or superior 
scanning strategies. Thus, the importance of 
formulation of objective functions is highlighted by 
these results. For the current problem, the chosen 
objective function of average gradients would lead to 
more conservative choices of scanning strategy than the 
case wherein direct gradient values are considered. The 
advantage of the current objective function lies in the 
lower optimization problem complexity and thereby 
considerably lower computational run-times. 

• Fig. 11 illustrates that certain strategies should not be 
selected for specific cells. For example, spiral inward 
(scanning strategy #6) should not be selected for the 
eight cells in the left. Conversely, some strategies are 
likely to be selected for specific cells.   

• The similarities among the Pareto-optimal solutions can 
be used for identifications of rules that govern the 
Pareto-optimal solutions and can be utilized to improve 
efficiency of the optimization by repairing bad 
solutions, which is known as  “innovization” [19].   

 

Fig. 10.  Distribution of the normalized move length for 100 Pareto-Optimal 
solutions from NSGA-II plus local search and 100 random solutions. 

- 5,3 0 5,4 6 3 3 - 

6 6,4,2 6 3,2,1 - 5,4,2 2 3,2 

2 1 5 5 - 3 3 5 

6,4 6,4,3 6 2,1 - 6,5,4,2 6 2 

3 1 5 5 3 3 4 5 

6,2 6,4,2 6,2 4,3 5 6,5,4 2 1 

5 5 - 5 3 3 - 5 

6,4,2 6,4 6 - 5,4,2 6,4,2 2,1 3,1 

Fig. 11.  Statistical analysis of the scanning strategies in 100 Pareto-optimal 

solutions obtained from NSGA-II + local search. For each cell, the upper 
number (green) represents the strategy that is likely to be present in a Pareto-

optimal solution, while the numbers in the 2nd row refers to the strategies that 

are unlikely to be present in a Pareto-optimal solution.     

VI. SUMMARY AND CONCLUSIONS 

This study has developed a method for multi-objective 

optimization of the scanning path in selective laser melting 

(SLM), one of the main methods for additive manufacturing of 

metals. The goal has been to minimize the induced defects in 

the product by proper selection of the scanning path. The 2D 

plate has been divided into multiple cells which may be scanned 

using one of the available strategies. Three objective functions 

were introduced to predict the mechanical defects in the product 

based on analysis of the transient temperature field, but one of 

them has been found to be not sensitive to the trade-off in other 

two objectives.  The scanning sequence of the cells and the 

employed strategy for each cell have been kept as variables to 

the optimization problem  

Despite the usage of a simplified thermal model, interesting 

results regarding trade-off between different objectives have 

been observed. Presence of local Pareto fronts in this problem 

has posed a challenge and has encouraged us to try different 

crossover operators. Using a purely local search method failed 

to reach a near-global Pareto-optimal solution, which highlights 

advantages of EAs for this problem.  

 A dateable similarity between the Pareto-optimal solutions 

has been observed – a task which has been called as 

“innovization” in other multi-objective application studies. For 

example, the distance between two successively scanned cells 

is usually in a narrow limit when Pareto-optimal solutions are 

considered. Edge-sharing cells or distant cells should not be 

scanned one after another. Specific scanning strategies turned 

out to be good choices for specific cells while some other 

strategies should not be used for those cells.   

It is interesting that we have observed a knee region in the 

obtained trade-off front, thereby making the knee region a 

preferred region for decision-making. While justifications for 

formulation of different objective functions have been 

provided, further experimental analysis of suitability of these 

functions can provide practical solutions, especially if they are 

able to predict defects in the final products. Also, as an 

immediate extension, the developed formulations of objectives 

will be used along with more rigorous numerical SLM process 

models to verify and validate the results from the multi-

objective optimization procedure. These can be the subjects of 

future research in the domain of this study.   
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