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Abstract 

Selective Laser Melting is one of the most widely used Additive manufacturing technologies for 

producing metal parts. Among the many advantages of SLM, the low build rate is still one of the 

most difficult challenges to address. The Build Rate (BR) of SLM depends on many factors, one of 

them is the scanning time which is directly related to Fluence. In this work, a procedure to select a 

process parameter combination with an increased BR is presented and validated experimentally. 

A357 alloy was selected to print tensile specimens using different combinations of process 

parameters resulting in the same value of Fluence, and four levels of Fluence are selected for the 

analysis. Despite the wide range of Fluence considered, 85 – 140 J/mm3, the mechanical properties 

did not change. The combination of parameters ensuring the highest productivity was selected for 

the validation run.  Experimental data were used to estimate regression equations able to predict the 

mechanical properties of the high-productivity condition. Density and UTS of the validation samples 

were accurately predicted by the regression equations, and they were consistent with the base 

material properties. The procedure allowed us to identify a combination of parameters ensuring an 

increase in productivity of 26% compared to the standard condition. 

 

Keywords: Selective laser melting; regression; Fluence 

 

1 Introduction 

Selective Laser Melting (SLM) is an Additive Manufacturing technique allowing to produce 3D 

metal parts from CAD data. This technology has been widely used in the last 20 years to produce 

parts for several sectors, i.e. aerospace, automotive and biomedical above all. Despite the well-known 

advantages, many challenges are still to be faced to allow wider adoption of the technology [1]. First 

of all, SLM parts even if produced near-net-shape usually need expensive post-processing activities, 

such heat treatments to improve their mechanical properties [2] [3], or machining to improve 

geometrical accuracy and reduce surface roughness [4]. Most of the research on SLM has been 

focused on studying the influence of laser-related process parameters on the formation of porosity 

and the subsequent mechanical properties. These process parameters can be aggregated in the 

Fluence index (also called Energy Density), which is the amount of energy delivered by the laser per 

unit volume. For pulsed lasers, Volumetric Fluence (J mm3⁄ ) is evaluated as [5]  

p h

P t
F

d d z


=

 
        (1) 

Where P is the power (W), t is the exposure time (µs), dh is the hatch distance (µm), dp is the point 

distance (µm), and z is the layer thickness (µm). The Volumetric Fluence is defined for continuous 

lasers considering the laser speed, v; equal to the ratio between point distance and exposure time, 
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v=dp/t [6]. An absorptivity coefficient can be added to the numerator; however, absorptivity is 

considered constant for a given material, so it is not considered hereafter.  

Many studies showed a clear relationship between part apparent density and Fluence for a wide set 

of different materials, Inconel 718 [7], stainless steel [8], Al [9], Ti64 [10] and Cu [11] to cite a few. 

This relationship is schematized in Figure 1. At low values of Fluence, the amount of energy 

delivered by the laser is not sufficient to completely melt the powders resulting in a type of defect 

called lack of fusion. At extremely high values of Fluence, other defects are formed. These defects 

are generated by irregular melt pool dynamics, causing the entrapment of gas in the solidified 

material, and these defects are referred to as keyhole porosity.  The presence of a steady region, 

between a minimum and a maximum level of Fluence (Fmin and Fmax in Figure 1), indicates that there 

are several optimal processing conditions available for the processing of the material. A detailed state 

of the art on the relationship between Fluence and individual process parameters can be found in 

[12]. A previous study of the authors [12] using Maraging steel showed that in the steady region, i.e. 

where part density does not change with increasing Fluence, it is possible to choose different 

combinations of process parameters and the resulting static mechanical properties are not statistically 

different. This result implies that we could choose among different combinations of process 

parameters, and a smart selection could imply the use of a productivity objective function. A possible 

productivity objective function is the Build Rate (cm3 h⁄ ), and in the case of SLM process it can be 

evaluated as:  

p hd d z P
BR

t F

 
= =        (2) 

This formula states that the Build Rate is directly proportional to the power and inversely 

proportional to Fluence. To increase BR with constant power, we need to reduce Fluence [13]. The 

relationship in eq. (2) is also valid for continuous lasers: in this case, the Build Rate is defined by the 

following equation hBR v d z=   , resulting in BR P F=  as for pulsed lasers. Being the BR 

inversely proportional to Fluence, the selection of extremely productivity values leads to defects in 

the final part, as visible in Figure 1. For this reason, the choice of the optimal Build Rate is subjected 

to the constraint of avoiding the formation of lack of fusion porosity in the final part.  

The formula in (2) is a proxy of the real build time. The total Build time in SLM can be described as 

the sum of two different components [14]. The first one concerns the fixed time needed during the 

process, such as recoating time, platform heating and platform lowering. The second component is 

the time needed to melt the cross-section of the part on each layer, and this component is described 

by equation (2). The first component depends on the machine used and the selected layer thickness 

for the process. Considering our problem, the first component is fixed. The second component is of 

our interest because it states that it is possible to increase the productivity of the SLM process by an 

appropriate selection of the process parameters. Other factors which can affect the build time are 

related to the complexity of the part to be produced: lattice structures and the presence of supports 

can lead to low production times, [15] [16].  

Other authors studied how to improve the productivity of the SLM process. Sun et al. [17] increased 

power up to 380W to produce fully dense cubes in SLM using AISI 316L powders. They showed 

that high power levels allow increasing scan speed to obtain an increase in the build rate up to 70%. 

Spierings et al. in [18] proposed a different equation to estimate the build rate, which considers 

scanning time, layer thickness, downtime, and recoating time for the production of 17-4PH parts. 

Their results show that the scanning time is the most influential factor on the build rate. These results 

showed that the power of the laser should be kept at its maximum level if possible, to allow other 
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parameters to be optimized, and that scanning parameters have a strong impact on the BR of the SLM 

process. To obtain good mechanical properties when increasing the layer thickness, it is necessary to 

increase the power to guarantee the complete melting of the layer. As we are already working at the 

maximum power, the layer thickness was not modified in this experiment. In this work, we are 

providing a framework that allows comparing process parameters at different productivity levels 

without changing the geometry, orientation of the part and using a constant layer thickness. 

The choice of the optimal process parameters considering the productivity maximization implies the 

minimization of Fluence, as clear from eq. (2), if power is kept constant. Fluence can be minimized 

until the full solidification of the material is achieved (Figure 1), to avoid lack of fusion defects that 

are considered the most detrimental ones for mechanical properties [19], [20]. The low build rates of 

SLM compared to other powder-bed fusion processes such as EBM, or worst with other traditional 

technologies is well known [21]. For this reason, it is of great industrial interest to increase the 

productivity of the process to reduce its cost and increase efficiency.  

 

Figure 1 Porosity as function of Fluence and relationship with productivity 

In this work we considered A357 alloy, which is a traditional cast Al-Si-Mg alloy which finds wide 

applications in the aerospace and automotive industries. It is characterized by good castability and 

weldability which make this material suitable for SLM process. A357 is characterized by good 

strength and high corrosion properties. However, A357 gained lower attention than others Al-Si-Mg 

alloys in SLM application, and the number of publications covering this alloy study is relatively 

small. Rao et al. in [22] studied the influence of process parameters (Power and scan speed) using an 

industrial system equipped with a laser working in continuous mode. The response analyzed in this 

work was the apparent density. The processing parameters optimized, ensuring the highest density, 

were then used to perform tensile tests at two different pre-heating temperatures. The effect of 

building pre-heating and post-process heat treatments on tensile properties was also studied in [23] 

using optimal process parameters. Heat treatments on tensile properties were also investigated in [24] 

and [25]. The fatigue behavior of A357 alloy was investigated in [26]. A summary of the tensile 

properties and optimal process parameters found in the literature for A357 is reported in Table 1. 
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Table 1. Summary of the state of the art on the tensile properties for A357 alloys processed via 

SLM process. 

Paper F  

(J/mm3) 

Speed, mm/s dh, 

mm 

Power, 

W 

z, 

mm 

Pre-

heating 

UTS 

(Mpa) 

E 

% 

[22] 50  2000 0.1 300 0.03 35° 395±4.7 5.1±0.4 

[22] 61.6 2000 0.1 370 0.03 200°C 290±2.9 3.2±0.3 

[23] 41.7 1200 0.1 150 0.03 100° 389±3 5.2±2 

[26]  47.5 2000 0.2 950 0.05 200° 305±15 3.5±0.7 

[24] 108 t=140 µs, 

dp=80 µm 

0.115 200 0.025 none 398±13 10.1±0.5 

[27] 54.2 1200 0.1 195 0.03 100° 388±5 5.3±0.4 

 

2 Objective of the work  

 

Figure 2. Workflow of the present work 

In this work, we provide a framework to determine a high-productivity process parameter 

combination for the SLM process based on an experimental approach. From eq (2), we see that the 

maximization of BR implies the minimization of Fluence at constant power. However, eq (1) states 

that different combinations of process parameters can result in the same Fluence. To be able to 

maximize BR based on Fluence, we first need to test that a) mechanical properties do not depend on 

the individual process parameters b) Fluence can describe the mechanical properties of the part 

equally well as process parameters. Both these questions are addressed in the paper. If the mechanical 

properties depend on the individual process parameters, i.e. given the same Fluence the mechanical 

properties are not consistent, then to maximize BR we need to consider the individual parameters 

and not the aggregated index Fluence. On the contrary, if Fluence can be used in place of the 

individual parameters without losing information on the mechanical properties, the optimization of 

BR can be performed considering the minimization of Fluence. An appropriate experimental 

campaign was designed to study different combinations of process parameters resulting in the same 

Fluence. Based on the mechanical properties of the printed samples, regression models were used to 

study the relationship between Fluence and individual process parameters (Section 4.1 and 4.2). 

Confidence intervals built on the previously estimated regression models were used to compare their 

predictive properties (Section 4.3). In Section 4.4 we selected a new combination of process 

parameters based on the results obtained in the previous sections. The regression models estimated 
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previously were used to predict the mechanical properties (density and UTS) of the optimized 

combination, new samples were printed, and the mechanical properties were compared with the 

predicted values (Section 4.5). The workflow of the present work is presented in Figure 2. 

3 Materials and methods 

3.1 SLM machine and material 

Renishaw AM 250 was used to produce all samples. The system is equipped with fiber laser working 

in pulsed mode. The maximum power is 200 W with a beam spot of approximately 70 μm at focal 

position. The working chamber is filled with inert gas to obtain an oxygen content lower than 1000 

ppm. The scanning strategy employed is a meander scanning strategy with a rotation of 67° of the 

scanning lines at each layer. Two borders outline the 2D area of each section. A graphical 

representation of the scanning strategy is presented in Figure 2.  

 

Figure 2. Graphical representation of point distance, hatch distance and scanning strategy and 

reference system for the tensile specimens. 

A357 alloy was used for sample production. The metal powder was supplied by Carpenter Additive 

(Philadelphia, US). The powder granulometry follows a log-normal distribution with a mean Particle 

Size of 41.2 µm, while the morphology is shown in Figure 3. Powders showed a quasi-spherical 

shape with the extensive presence of satellites on the surface, which are a typical of the gas 

atomization process. The nominal chemical composition is presented in Table 2. 

 

Figure 3. SEM image of A357 powders and particle size distribution. 
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Table 2. Nominal chemical composition of the investigated A357 powder (wt%) 

Al Cu Fe Mg Mn N O Si Ti Zn 

Bal <0.05 0.1 0.58 <0.1 <0.2 0.1 6.5 0.12 <0.1 

 

3.2 Process parameters selection  

The process parameters investigated in this study were exposure time, point distance and hatch 

distance. Table 2 shows the range of the varied parameter and, also the fixed experimental conditions. 

The range was selected starting from the recommended conditions by the machine manufacturer for 

A357, i.e. t = 140 μs, dp=80 μm and dh=130 μm. The intervals of the parameters were varied ±10% 

from the reference condition.  

The layer thickness was set at 25 µm, while power was kept constant at its highest level (200 W).  

Table 3. Process parameters investigated in the present experimentation. 

Varied parameters Fixed parameters 

Exposure time, t 130 - 150 µs Laser power 200 W 

Point distance, dp 70 - 90 µm Pre-heating None 

Hatch distance, dh 120 – 140 µm z 25 µm 

 

Considering the above-stated ranges of the parameters, different combinations of (t, dp, dh) were 

generated resulting in specific values of Fluence, namely 85, 103, 122 and 140 J/mm3. This range of 

Fluence is comparable with the levels selected in the literature (Table 1). The procedure used was 

described in a previous work by the authors [12]. The procedure works by selecting randomly a 

defined number of process parameters combination resulting in specific levels of Fluence, decided 

by the experimenter. A subset of these combinations was chosen by applying an optimization 

algorithm. As the input parameters of the machine are integer numbers, it was not possible to obtain 

combinations of these parameters that match exactly the desired level of Fluence. For this reason, a 

small deviation from the target was accepted ( 2  J/mm3). The procedure allowed obtaining 

Fluence values both lower and higher than the reference one. This choice is justified by two 

considerations. The reference condition might not be the optimal one from a productivity perspective, 

i.e. there might be other combinations of parameters resulting in a lower Fluence value and at least 

equally good mechanical properties. In addition, there might be a condition with higher Fluence than 

the reference condition resulting in higher mechanical properties. In this second case, the choice of 

the optimal condition depends on the specific application. 

For each level of Fluence, three combinations of process parameters (t, dp, dh) were generated, 

resulting in 12 treatments (Table 4). Treatment 13 from Table 4 refers to the machine manufacturer 

suggested condition for A357 alloy. Then the minimum Fluence and maximum Fluence obtained 

using this limit were evaluated according to eq (1). The range of Fluence was then divided into four 

intervals. The percentage of variation of process parameters was selected to avoid a lower limit of 

Fluence which could not ensure a complete melting.  
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Table 4. Combinations of process parameters used in the study and reference condition. 

Treatment t (μs) dp (μm) dh (μm) F (J/mm3) 

1 130 90 137 

85 2 132 90 139 

3 131 88 139 

4 134 83 125 

103 5 135 87 120 

6 148 83 137 

7 134 71 124 

122 8 137 74 121 

9 141 70 131 

10 149 70 122 

140 11 149 71 120 

12 148 70 120 

13 

(reference) 
140 80 130 108 

 

On each build, treatments 1-12 from Table 4 were replicated 3 times and treatment 13 was replicated 

4 times, so the resulting number of samples is 40. Three identical builds were produced, so the total 

number of samples for the preliminary analysis was 40 samples x 3 builds = 120 samples.  

The high number of replicates was needed to increase the accuracy of the analysis and it also allowed 

us to check the batch-to-batch variability of the process. The position of all samples was randomized 

in each build to avoid any effect of the position on the data analysis.  

3.3 Mechanical characterization 

Samples were characterized in terms of mean density and tensile properties. The relative density was 

measured by the Archimedes principle by weighting the sample in air and the in water. The final 

density is the mean of three measurement. The weights were measured using an electronic scale 

equipped with a kit for density measurement. Tensile samples were built without machining 

according to ASTM E8 standard. Tensile tests were performed with MTS Alliance RT100 machine 

according to the ISO 6892. Fracture surfaces and microstructural analysis were carried out using 

ZEISS Sigma 500 Scanning Electron Microscope. Samples were prepared by grinding and polishing 

and Keller’s reagent was used to perform the microstructural analysis. The chemical composition 

was assessed by Optical Emission Spectroscopy OES (Bruker Q4 Tasman 130).   

4 Experimental results  

4.1 Density and tensile properties 

Figure 4 shows the results of part density and UTS as function of Fluence and Treatment level. 

Regarding part density, all samples show a porosity lower than 1% despite the wide range of Fluence 

considered. The reference density considered for A357 is 2.68 g/cm3 [22].  
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a) 

 

b) 

 
c) 

 

d) 

 
Figure 4 Part density a) and UTS b) plotted against Fluence and part density c) and UTS d) plotted 

for each Treatment level. Colours indicate different builds. 

A slightly decreasing trend in density is visible as Fluence increases, however, the difference between 

the highest and least dense sample is lower than 7%. Ultimate Tensile Strength (UTS) is shown as 

reference for tensile properties, yield strength and elongation data are available in the Appendix. The 

range of UTS results is 30 MPa, meaning that in this range of Fluence and in this interval of 

parameters the mechanical properties of A357 alloy do not change from an engineering point of view. 

It is possible to identify a feasibility region where density and tensile properties do not change with 

process parameters. In terms of variability, density and UTS results show a moderate increase in the 

standard deviation with Fluence. 

Table 5. Experimental tensile properties for A357 alloy. 

Fluence t, µs dp, µm dh, µm P,  

W 

Z,  

mm 

Pre-

heating 

UTS 

 (Mpa) 

E, 

 % 

85-140 130 - 149 70 - 90  0.120 - 0.139 200 0.025 none 393±7.4 10.5±1.6 
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The summarized results of the present work in Table 5 can be compared with the literature data in 

Table 1. Authors who performed pre-heating during the process ([23], [26], [25]) obtained 

elongations values around 3-5%, while in this work and in [24] pre-heating was not applied and the 

resulting elongation is much higher.  

 

 

Figure 5 SEM Fractographic images of tensile sample a) produced with treatment 2, b) produced 

using manufacturer suggested process parameters. 

There is a small difference in terms of tensile properties among the samples produced, so two fracture 

surfaces are analyzed with SEM. The detected breaks are classified as fragile breaks, and they do not 

present any relevant necking. Cleavage planes are visible in Figure 5. Similar fractographic images 

for as-built samples were showed by [25]. 

Summing up, the variation of the mechanical properties in the range 80-140 J/mm3 is negligible: 

density is higher than 99% for all samples, while the range in UTS is 30 MPa.  

The microstructure on the xy plane of reference samples at the different Fluence values was analyzed 

using an optical microscope and SEM. The optical micrographs (on the left in Figure 6) show 

identical features for all Fluence levels. The laser scans are visible with well-defined melt pool 

boundaries. The high-magnification of the surfaces of the samples (on the right in Figure 6) presents 

a cellular solidification structure typical of as-built Al-Si alloys processed by SLM. The extremely 

fine microstructure was detected in all samples, and it is due to the fast cooling during the process. 

The SEM images show fine Al grains surrounded by eutectic Si cells, as expected in this alloy [25]. 

Also, there is no evidence of differences in terms of microstructure among the levels of Fluence 

considered in this work regarding the cellular structure. A chemical analysis was performed on 

reference samples and the results are illustrated in Table 6; for each sample 4 replicated 

measurements were considered, and the average value is reported. The chemical analysis, as well as 
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the microstructural characterization, demonstrates that in the range of parameters and fluence 

considered there are no differences between the samples. 

 

Figure 6. Optical and SEM high magnification images of the microstructure of the samples at 

different values of Fluence on the xy plane. a) F = 85 J/mm3, b) F = 103 J/mm3, c) F = 122 J/mm3, d) 

F = 140 J/mm3 and e) F = 108 J/mm3 (reference condition). 
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  Fluence [J/mm3] 

  
85 103 122 140 

Reference 

condition 

 Element Average Average Average Average Average 

 Si 6.269 6.277 6.352 6.258 6.353 

 Fe 0.050 0.057 0.047 0.042 0.044 

 Cu 0.0039 0.0042 0.0032 0.0032 0.0031 

 Mn 0.0014 0.0015 0.0014 0.0014 0.0014 

 Mg 0.657 0.682 0.647 0.630 0.613 

 Zn <0.0003 <0.0003 <0.0003 <0.0003 <0.0003 

 Ti 0.047 0.047 0.046 0.047 0.048 

 Al Balanced Balanced Balanced Balanced Balanced 

Table 6. Chemical composition (wt%) of A357 samples processed at different Fluence levels. 

 

As mentioned in Section 3.2, the samples were produced in three non-consecutive builds and the 

influence of Fluence of the build for Density and UTS is shown in Figure 7. 

a) b) 

 

Figure 7. Batch-to-batch variability for a)density, b) UTS. 

  

In terms of density, there is a slight decrease in density from build 1 (mean density 2.672 g/cm3) to 

build 3 (mean density 2.670 g/cm3). The difference is significant from a statistical point of view, but 

from an engineering perspective is minimal. UTS appears not to be influenced by the batch-to-batch 

variability, both in terms of mean value and standard deviation.  

We conclude that in the process window considered in this study, all combinations of parameters 

used are equivalent from an engineering point of view and that the interval of fluence considered 

belongs to the steady interval shown in Figure 1. 

4.2 Regression analysis 

In this Section, regression analysis is used to prove if the mechanical properties of SLM parts can be 

described equally well using individual process parameters and Fluence. The regression equations 

are built considering both Fluence and individual process parameters. If the assumptions of the 

procedure are valid, these two models should result in the same quality of the prediction. The 

ANOVA table for the regression model of part density are showed in Table 7 and in Table 8. 
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Table 7 Regression Table for model ( )F F F =   

Source DF Adj MS F-Value p-Value 

Regression 1 0.000105 14.65 0.000 

F 1 0.000175 22.40 0.000 

Error 117 0.000008   

Total 118    

 

Table 8 Regression table for model ( ), ,P P p ht d d =    

Source DF Adj MS 
F-

Value 

p-

Value 

Regression 3 0.00062 8.46 0.000 

t 1 0.00005 0.69 0.409 

dp 1 0.000076 10.35 0.002 

dh 1 0.000014 1.83 0.172 

Total 118    

The regression equations are respectively: 

( ) 2.677 0.000022F F F = −         (3) 

( ), , 2.671 0.00004 0.00017 0.00006P p h p ht d d t d d = −  +  −      (4) 

Even though dh and t are not significant, they are included in the model to have all the components 

of the Fluence in the regression equation, as suggested by Montgomery [28] for regression analysis. 

The mean square errors of the two models are almost the same indicating that the two models are 

equally able to describe final part density despite using two different sets of parameters. Regression 

ANOVA tables for Ultimate Tensile Strength are reported in Table 9 and in Table 10. 

Table 9 Regression table for model ( )FUTS UTS F=   

Source DF Adj MS F-Value p-Value 

Regression 1 1922.97 50.10 0.000 

F 1 1922.97 50.10 0.000 

Error 118 38.38   

Total 119    

 

Table 10 Regression table for model ( ), ,P p hUTS UTS t d d=   

Source DF Adj MS F-Value pValue 

Regression 3 685.14 18.08 0.000 

t 1 24.676 0.65 0.421 

dp 1 633.082 16.70 0.000 

dh 1 0.645 0.02 0.896 

Error 116 37.902   
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Total 119    

 

The regression equations are respectively: 

( ) 416.51 0.00806FUTS F F= −         (5) 

( , , ) 369.9 0.088 0.480 0.013P p h p hUTS t d d t d d= −  +  +         (6) 

Point distance is once again the main influencing factor for UTS, as it was for density. As for part 

density models, the mean square error of the UTS models based on Fluence and process parameters 

are similar. 

 

4.3 Model comparison 

The two fitted models are compared to verify if the models considering Fluence or individual process 

parameters predict the same mechanical values (density and UTS) and to check the prediction 

precision of the two models. To answer these two questions Confidence Intervals (CI) are used. First, 

models (3) and (4) are used to predict the mean density and confidence intervals in a new set of 

parameters ( ), ,p ht d d resulting in the same value of Fluence. If the Confidence intervals based on 

models (3) and (4) overlap, it means that there is no difference in their prediction abilities. In addition, 

the width of the confidence intervals indicates how accurate is the prediction: a smaller width 

indicates a small uncertainty in the prediction. The width of the CI is evaluated as [28]:

( ) ( )22IC Et df  =   
-1

T T

0 0
x X X x              (7) 

Where 2t  is the α/2-quantile of the t-student distribution with Edf  degrees of freedom, Edf  are 

the degrees of freedom of the error in the regression model,   is the estimated standard deviation of 

the regression model, X  is the design matrix of the experiment and 
T

0
x  is the point used for the 

prediction. 

Let us start by analyzing density. Models ( )F F  and ( ), ,P p ht d d are used to evaluate CI 

estimates on three different values of Fluence,  100,112,124iF = J/mm3, with i=1,..,3. In the case 

of ( )F F , only one CI can be generated for each value of Fluence 
iF . In the case of model 

( ), ,P p ht d d , for each level of iF  one-hundred random combinations of ( ), ,p ht d d  are generated 

to calculate the CIs.  

The result of the analysis for density is shown in Tables 9 and 10. The predicted value ( )F iF  and 

the width ( ), iF
FIC 

  of the CI for model ( )F F are reported, while for ( ), ,P p ht d d  the mean 

predicted value ( )( ), ,P p ht d d over the 100 CI’s built and the mean width 
( )( ), , ,p hPIC t d d

 are 

shown in Table 11. The same procedure was followed also for UTS using models (5) and (6), and 

the results are reported in Table 12. 
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Table 11 Predicted density and width of CI’s from models ( )F F  and ( ), ,P p ht d d  

Fluence (J/mm3) 
( )

( ), F
F IC F

F


    

(g/cm3) 

( )( ) ( )( ), , ,
, ,

p hP
P p h IC t d d

t d d


    

(g/cm3) 

100 2.672 ± 0.0012 2.672 ± 0.0018 

112 2.671 ± 0.0010 2.671 ± 0.0022 

124 2.670 ± 0.0012 2.670 ± 0.0016 

 

Table 12 Predicted density and width of CI’s from models ( )FUTS F  and ( ), ,P p hUTS t d d  

Energy density 

(J/mm3) 

( )
( ), F

F
IC UTS F

UTS F    

(MPa) 

( )( ) ( )( ), , ,
, ,

p hP

P p h IC UTS t d d
UTS t d d    

(MPa) 

100 397 ± 2.10 397 ± 4.08 

112 395 ± 1.50 394 ± 4.04 

124 392 ± 2.08 391 ± 3.38 

 

Looking at the results in Table 9 and Table 10, we can conclude that: 

- The estimated expected values of the regression models are the same. From a practical point 

of view, it means that the properties of the prediction of the parts do not change when using 

Fluence or individual process parameters. 

- The prediction precision is higher when Fluence is used as predictor, as shown by the width 

in Table 11 and Table 12. 

- In the range of the parameters studied, the mechanical properties of A357 alloys do not 

change.  

4.4 Selection of new process parameters  

The results of the previous sections imply that we can optimize the BR of the process based on 

Fluence, i.e. using eq (2). Fluence will also provide a higher precision in the prediction of the 

properties of the validation samples. Since our objective is to choose the process parameter 

combination with the highest BR, we focus on the lowest value of Fluence, i.e. the highest 

productivity. Part density and UTS for highest productivity conditions (Treatments 1-3, F= 85 J/mm3 

and BR=8.57 cm3/h) as well as reference condition (Treatment 13, F = 108 J/mm3 and BR = 6.69 

cm3/h) are presented in Figure 8.  The previous analysis results showed that the samples produced in 

the range of Fluence investigated are not different from a statistical point of view regarding apparent 

density and tensile properties. Additionally, the SEM images showed a similar microstructure at the 

different Fluence levels. One could choose any treatment at the highest build rate, which means 

selecting among Treatment 1, 2, and 3. The UTS variability at Treatment 3 was smaller than those 

obtained at Treatment 1 and 2, as visible in Figure 8. Even if this evidence is not supported with 

statistical significance (the p-value of the test for equal variances is larger than 0.05), Treatment 3 

was selected for the validation step.   
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Figure 8 Part density a) and UTS b) as function of Build Rate. Data from Treatments 1-3 were jittered 

on the x-axis, but they all share the same BR. 

 

4.5 Validation samples 

The selected process parameters were used to produce five samples that were built using the same 

machine and powder, the validation samples are shown in Figure 9. Samples were characterized in 

terms of mean density and tensile properties. The results are used to validate the regression equations 

estimated in Section 4.2.  

 

 

Figure 9. Validations samples 

The prediction intervals (PI) based on equations (3-6) and the mechanical results of the validation 

samples are reported in Table 13. The mean density of the validation samples is 2.670 g/cm3 

(>99.5%) and the mean UTS is 412 MPa.  

Table 13. Prediction interval for density and UTS based on model in equations (1-4) and results of 

the validation build 

Model Prediction interval Validation samples  

( )F F F =  

( ), ,P P p ht d d =   

[2.672; 2.673] 

 

[2.667; 2.678] 

2.671 

2.670 

2.672 

2.672 

2.671 

g/cm3 

( )F FUTS UTS F=  
[397; 412] 

 

411 

414 
MPa 
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( ), ,PP p hUTS UTS t d d=   [386; 412] 412 

412 

413 

 

Models (3) and (4) predict similar final part density, the differences are in the range of the third 

decimal. This reflects the results showed in Section 4.1, where density did not vary in a significant 

way. Similar observations are obtained for UTS using models (5) and (6).  

Once again, the result shows that the two sets of intervals overlap, which means that Fluence and 

individual process parameters predict the same mechanical property values. Moreover, the amplitude 

of the intervals based on Fluence is much smaller, as shown in Section 4.3. Density values of the 

validation samples belong to the PI of the Fluence, indicating that the smaller PI does not imply a 

lower accuracy.  

UTS values of the validation samples belong to the prediction interval (except for one sample that 

exceeds the upper limit of 1 MPa). The improved mechanical properties could be attributed to the 

influence of the position of the validation samples. Models in equations (3) – (6) are estimated 

considering samples produced in a random position of the building platform, and it is known that 

position has influences the final part properties. The central position is favorable due to constant gas 

flow, while the lateral position might be influenced by turbulent flow [29]. It is likely that the 

validation samples resulting in higher mechanical properties due to their location at the center of the 

building platform (as visible in Figure 9).  

In conclusion, by using the new set of parameters (Treatment 3) it was possible to produce samples 

with mechanical properties comparable with the reference value (Treatment 13) and a Build Rate of 

8.54 cm3/h. 

Optimized and reference processing conditions are compared in Table 14. The last column of the 

table represents the improvement in Build Rate of the new processing condition for the validation 

runs compared to standard parameters (i.e. Treatment 13 in Table 4).  

Table 14 Optimized process parameters for A357 alloy and productivity comparison with reference 

condition. 

Treatment 
t (μs) dp (μm) dh (μm) F (J/mm3) BR (cm3/h) 

Improvement  

(%) 

 13 

(Reference) 
140 80 130 108 6.7  

3 

(Optimized) 
131 88 139 141 8.4 +26% 

 

Optimized process parameters allow an improvement of 26% in terms of build rate without a negative 

impact on the mechanical properties. This improvement is even more important considering that Al 

alloys are usually processed using smaller layer thickness, hugely increasing the overall build time.  

5 Conclusions  

In this work, a procedure to select process parameters combination with an increased Build Rate is 

proposed. The procedure starts from the conjecture that Fluence and individual process parameters 

are equally able to describe the mechanical properties of the part, in a properly selected window of 

parameters. An experimental approach was used to test the procedure and validate this assumption. 
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Using an industrial SLM system, 120 samples were built in three batches using an Al alloy, A357. 

The range of Fluence considered varied from 85 to 140 J/mm3, i.e. BR from 5.15 to 8.46 cm3/h. 

We have experimentally proved that in the chosen range of process parameters, the mechanical 

properties (density and UTS), the microstructure and the chemical composition of the samples did 

not vary. Regression models were used to study how well Fluence, and individual process 

parameters were able to predict the mechanical properties of the parts. It was showed that Fluence 

and process parameters allowed to predict the same values of density and UTS, however Fluence 

resulted in higher precision.  

Once that the assumption has been verified, the maximization of the BR implied the minimization of 

Fluence (power was kept constant for all the experiments). The combination of parameters that 

ensured the lowest variability at the lowest Fluence (85 J/mm3, 8.46 cm3/h) was selected for the 

validation test. Five validation samples were printed, and their mechanical properties were measured. 

All density values and UTS values were correctly predicted by the regression models using Fluence, 

despite the small width of the prediction intervals. The procedure allowed us to increase productivity 

by 26% compared to the standard parameter combination suggested by the machine manufacturer. 

Future works will be focused on the study of the fatigue properties at fixed Fluence and the 

distribution, size, and shape of the porosity at different combinations of processing parameters in the 

steady region.  
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APPENDIX 

  UTS [Mpa] YS [Mpa] E [%] 

  Mean Std.dev Mean Std.dev Mean Std.dev 

Fluence 

[J/mm3] 

85 399,4 4,4 214,2 2,5 10,6 1,6 

103 397,4 4,1 210,8 2,7 10,9 1,6 

108 390,8 10,7 212,4 5,2 10,3 1,6 

122 391,7 4,9 206,9 4,4 10,4 1,3 

140 388,4 7,5 207,8 6,9 10,3 2,0 
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