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Selected laser melting (SLM) products made of aluminum have been 
widely employed in biomedical, industries, and aerospace. However, 
SLM’s unique process parameters make it difficult to efficiently print 
desired objects. SLM can be used to print high-strength aluminum alloys 
that can be optimized for processing. For parameter optimization of 
Scanning Speed, hatching distance, Layer height, and laser speed, the D-
optimal design of experiments approach is utilized. We develop 
parameter windows for these three parameters (LED, SED, VED) about 
part density using 36 samples. The density data collected from the 
samples via analysis software agrees well with the numerical model 
calculated. SLM printing of Al products requires a pre-processing 
optimization system because SLM demands so much time, money, and 
professional understanding of the process and materials. An SLM 
optimization system based on a supervised artificial neural network is 
created in this research. The ideal SLM process parameters, which may 
be employed to manufacture a product that meets a user's need, are the 
outputs of this optimization method. An SLM operator does not require 
a lot of knowledge or a lot of time to experiment with this optimization 
system to print a suitable result. This system is a very important 
element in the pre-processing of SLM printing. 
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1. Introduction  
In many industries, large numbers of identical parts are produced to reduce production costs. Due to the lower 
manufacturing costs per part, the higher piece count per batch corresponds to the production process 
concentrating on one type of component. Because of this, all the parts could be produced at a low cost, but a 
second piece would be extremely difficult or even impossible [1]-[3].              

Because of this, designers had to create a single piece to fulfill it serves purpose, but it must also be able to 
be made according to the manufacturing process, which is also termed "design to manufacture". As a result, the 
manufacturing process severely restricts the part’s complexity. Increasingly complex components have 
necessitated the development of new manufacturing processes that can produce them.[4]. The applications of 
additive manufacturing (AM) in such cases, where conventional manufacturing is ineffective, are excellent. As an 
alternative to using traditional manufacturing processes, rapid prototyping, also known as 3D printing, can be 
used to produce parts conventional manufacturing techniques, such as computer numerical control (CNC), 
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subtract material from main pieces to achieve desired geometries, while additive manufacturing adds material 
to the main part to achieve the desired geometry [5]-[10]. 

What is the market impact of all these different methods after being exposed to the major technologies? AM 
alters the manufacturing guidelines [7]. The following are some of its most important benefits:  

1. Tooling: In traditional manufacturing, each piece requires a large number of tools and specialized 
equipment. There are no such restrictions when employing 3D printing; Only a machine and the 
material to be printed on are required. 

2. Time to market: When compared to other manufacturing techniques, additive manufacturing (AM) is 
fast. Traditional manufacturing necessitates the purchase of equipment and tooling before the major 
production process can begin. When the machine is available, the procedure can start as early as the 
document is prepared, and the part will be completed very quickly. Being slightly quicker allows a 
manufacturing organization to detect problems, malfunctions, and mistakes more quickly, saving time 
and money[8]. 

3. Creativity: Although this new manufacturing technique allows for a wider choice of geometries, 
designers can let their imaginations run free while focusing on the part's purpose, sometimes known as 
"design to performance." Figure 1 illustrates several 3D-printed complicated pieces with a variety of 
geometries. 

4. Customization: As previously stated, traditional techniques are typically focused on a single design, with 
the majority of pieces sharing a common geometry. Even minor alterations in the parts could result in 
significant costs for the organization[9]. Parts can be personalized and customized at will with 3D 
printing [11]. 

5. Material reduction: when the most complicated geometries can be created, a part that is more 
concentrated on its function can be created. This leads to waste reduction and, as a result, a reduction in 
costs. 

6. No need for spare parts: Businesses require a huge inventory of spare parts to replace them if they 
break or malfunction. If a component is damaged or broken when using the AM system, it can be quickly 
replaced using simply the necessary part file[12]. 

 

  Fig. 1 Schematic diagram for selective laser melting 

Among them are difficulty, small production sizes, and lower production time. All of these capabilities apply 
to a variety of industries, including medical, aerospace, robotics, and prototype, which is why these industries 
are the primary clients of AM and 3D printing.  Even though certain processes are more appropriate than others, 
the client must choose which one to utilize in each case [13]-[16]. 

2. Selective Laser Melting (SLM) 

2.1 Processing  
Once the machine as well as the SLM setup, there are several tasks to complete, like constructing the data source 
that the machine is using for the manufacturing operation (SLM file)[16]. STL is now the most popular system 
for all 3D printing techniques. The specific part is defined by a collection of geometric shapes that describe the 
models' limits; there is no color, Surface roughness, or other type of feature in the documents. The number of 
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triangles used to designate a part, the higher the resolution, but the more difficult it is to function with this 
document. As a result, the fewer triangles in the SLM file, the better, but it should always include enough to 
ensure the part's pixel density and effectiveness of the part. The very same part from left to right, but with very 
few triangles and so less response. Using the STL document, the technology can be used to divide this design into 
2D layers ranging in height from 20 to 100 μm. When the file is finished, each of these slices will be one of the 
build task's layers. The slicing procedure and choosing the parameters set can be done using a variety of tools; 
however, a Design Expert was utilized in this case. While the computer is creating the slices, it must select all the 
building characteristics that will be employed, such as distance, power, and so on[17]. 

2.2 Parameters 

2.2.1 Layer Height (h) 
As previously stated, additive manufacturing creates 3D parts by layering 2D slices, therefore the distance 
between each layer must be chosen at some point throughout the procedure. The distance between the layers, 
also known as layer thickness or layer height, should be between 0.02mm and 0.1mm. Because fewer layers are 
necessary to obtain the same length, the larger the above value, the faster the task will be. It is also visible in the 
build rate coefficient, which can be used to differentiate process productivity. The volume of material generated 
every 60 minutes is represented by this parameter, which is commonly given in cm3/h. The product of scanning 
speed(V), layer height(H), and hatching distance(t) gives this equation. 

 
𝐵𝐵 = ℎ ∗ 𝑡𝑡 ∗ 𝑣𝑣 

 
(1) 

As previously said, the build rate is directly proportional to layer height, thus the higher the value, the more 
productive the process will be. Because the time of the number of treatment options is not taken into account, 
the number of layers has a larger impact on the processing time, even if it is not represented in the build rate 
[18]. The platform is filled in 5 to 8 seconds by the recoater. When the layers are repeated by these few seconds, 
which is usually greater than 2.000, the recoating duration can easily exceed 2 hours. 

 

Fig. 2 Resolution of the layers 

Fig. 2 The left part has a higher layer height and it will print rapidly due to fewer layers to produce, but the right 
part has a better resolution. The greater this value, on the other hand, the poorer the part's resolution. The effect of 
layer height on the part's resolution. Furthermore, if the space is too large, it might lead to poor layer attachment and 
part failure. For all of this, the layer height must be as high as feasible while remaining short enough to maintain 
layer adhesion and avoid any breakdowns. 

2.2.2 Hatching Distance (t) 
As illustrated in the slice view in Figure 3, the laser beam cuts a straight track over the target area to melt the 
powder. Hatching distance, also known as track distance, is the distance between two adjacent laser beam 
tracks. This measurement is in millimeters and can be anywhere from 0.05 and 0.25 millimeters. Whenever the 
laser beam reaches the powder bed, it sucks up the energy and melts a limited area. The diameter of the beam 
determines the surface of this region, which can be idealized as a circle [19].                              

It's essential to know that the distance between hatching refers to the distance between consecutive laser 
beam lines in the middle of the centers. The faster the build rate and production, the higher the layer height and 
hatching distance. If the tracks are too wide apart, as seen in Figure 2, the powder between them will not melt 
correctly. Furthermore, when a laser beam melts a circle, the energy in the outer zone is typically smaller than in 
the core. This indicates that certain zones have not melted properly, necessitating closer track spacing. Some 
powder is stroked by two different laser directions as a result of the tracks switching. 
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Fig. 3 Hatching distance, like build rate, has a significant impact on part quality 

2.2.3 Laser Power (P)  
The main energy source for powder melting is the laser beam's power, denoted in W. The higher the value, the 
more energy is transferred to the powder, which results in a high temperature. To meet all of the powder; more 
power may be required depending on the material to be printed. If the power is insufficient, the powder will not 
melt properly, causing the component to have porosity and a lower relative density. On the other side, if there is 
too much force, the powder will evaporate, resulting in flaws. Typically, SLM machines are equipped with lasers 
with a maximum power of 200-1.000W. 

As previously stated, the scanning speed value must be determined to choose the appropriate power value. 
The speed directly affects the time spent in the same location, while the power represents the quantity of energy 
transferred every second. As a result, both numbers will determine how much energy is transported in this 
location. Furthermore, as previously said, the energy must be properly chosen; too much or too little energy will 
result in the creation of pores [20].  

2.2.4 Scanning Speed (V) 
Scanning speed is the velocity of the laser beam, measured in millimeters per second. The build rate is calculated 
by dividing its value by the hatching distance and layer height. The laser beam's speed should be adjusted to get 
the best possible production, but keep in mind that if it's too fast, it'll spend less time in the same location. The 
powder bed will receive less energy from the transfer, which will reduce the melting power and cause 
imperfections like pores to appear. As a result, if the scanning speed is very slow, the laser can end up 
evaporating powder and causing pores as well [21]. For this reason, it is important to choose the scanning speed 
carefully. There is a very close relationship between speed and power, and oftentimes, modifications made to 
either of them cause changes in the other. The speed range, for example, can be varied by the power utilized, the 
material being printed, and so on; it can range from 300 to 2.500 mm/s.       
 
    

 
Fig. 4 The SLM process is depicted in this diagram, which shows how the laser melts the powder bed 
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2.2.5 LED, SED, and VED 
The above-mentioned parameters are those that are set during the build job generation process, and their values 
are inserted into the program's parameters set. Other significant parameters to consider that cannot be altered 
when programming the build job are as follows. Those parameters can be calculated using the previous ones. As 
a result, they should be calculated before the other factors stated previously. These parameters are presented in 
the following manner, with a diagram in Figure 4 to help understanding: 

1. The linear energy density refers to the quantity of energy given to the powder bed in a straight line 
(LED). When you divide the scanning speed by the power, you get this. The outcome's unit of 
measurement is J/mm. 

2. SED (Surface Energy Density) is expressed in J/mm2 and is determined by dividing the LED by the 
hatching distance. It is the energy delivered to the stroked surface by the laser beam. 

3. The amount of energy delivered by the laser beam to the working volume is measured in Volume 
Energy Density (VED). It is calculated in J/mm3 and is determined by dividing the surface energy density 
by the layer height[22]. 

 
𝐵𝐵=ℎ∗𝑡𝑡∗𝑣𝑣 

 (1) 

  LED = P/V 
 (2) 

SED = P/V ∗ H 
 (3) 

VED = P/V ∗ H ∗ T 
 (4) 

3. The Material: AlFeSi10Mg 
With its excellent characteristics and processing capabilities, aluminum is one of the most widely utilized metals 
on the planet. It's a light metal with a density of 2.67g/cm3, which, combined with its high strength, makes it 
ideal for applications where the load of the part is critical. When it comes to the SLM technique, AlFeSi10Mg is 
the most popular aluminum alloy [23]. Its features make it an excellent choice for creating complicated 
geometries with thin walls, which are ideal for SLM processing. As a result, this material is widely used in SLM 
procedures in industries such as automotive, aerospace, and prototypes. SLM Solutions delivered the powder, 
which came from the same batch and came with a certificate detailing all of its features. This document covers all 
the powder's data, including particle size, chemical composition, and shape, among other things. 

The chemical composition of AlFeSi10Mg is represented in where approximately 9-11% of Si content and 
0.2-0.45% of Mg content is present in the alloy, together with small portions of Cu, Zn, and Fe content. The 
maximum useful limit of Mg content in the alloy is approximately 0.7 wt%. The powder has an obvious density 
of 1.25g/cm3Due to the amount of air between the particles, aluminum has a density of 2.67g/cm3. 

4. Design of Experiments (DOE) 
The Experimental design is the analysis of the most essential factors impacting characteristics, as well as a 
schedule for carrying out such experimentations. 

4.1 Response Surface Methodology (RSM) 
The RSM is a numerical method for making a numerical model for analysis and optimization [24]. The Input 
machining parameters can be used to show the output responses such as LED, SED, and VED using experiment 
trials and regression analysis[25]-[29]. The major steps in response surface methodology: 

1. Determination of the most important elements, such as hatching distance, laser speed, laser power, and 
layer height. 

2. Creating an experimental design matrix and performing the experiments according to the design matrix. 
3. Constructing a numerical methods model. 
4. Calculation of the created model's constant coefficients. 
5. The significance of the coefficients is tested. 
6. Using analysis of variance do an adequacy test on the created model (ANOVA). 
7. Examining the impact of input machining parameters on output outcomes. 
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Table 4.1 Experimental observations 
 Factor1 Factor2 Factor3 Factor4 Response1 Response2 Response3 

Run  
P: Power 

 
V: Speed 

H: Layer 
Height 

T: Layer 
Thickness 

 
R1: LED 

 
R2: SED 

 
R3: VED 

 w mm/sec mm mm j/mm j/mm2 j/mm3 

1 325 1100 0.25 0.03 0.295 14.777 39.39 

2 295 1300 0.125 0.06 0.226 3.8 30.05 

3 317 1000 0.25 0.04 0.317 7.93 32.01 

4 370 900 0.173 0.04 0.411 10.28 79.05 

5 370 1300 0.25 0.02 0.284 14.23 57.22 

6 370 955 0.15 0.02 0.387 19.37 129.45 

7 370 1270 0.15 0.05 0.291 5.83 31 

8 314 900 0.199 0.06 0.348 5.81 30.89 

9 295 1100 0.125 0.03 0.268 8.94 71.55 

10 310 1270 0.25 0.05 0.244 4.88 16.7 

11 325 1250 0.25 0.04 0.26 6.5 25.745 

12 325 1300 0.15 0.03 0.25 8.33 56.05 

13 370 1235 0.1 0.04 0.3 7.49 74.68 

14 370 1300 0.25 0.02 0.284 14.2 56.02 

15 370 1270 0.15 0.03 0.291 7.3 49.61 

4.1.1 Response 1  

Table 4.2 Fit summary R1 LED 

Source Adjusted R² Predicted R² Sequential p-
value 

Lack of Fit P-
value  

Linear 0.4317 0.3744 < 0.0001   
2FI 0.6914 0.6170 < 0.0001   

Quadratic 0.7438 0.6732 0.0025  Suggested 
Cubic 0.8517 0.7338 < 0.0001  Aliased 

 

Table 4.3 ANOVA for the response surface quadratic model of LED 

Source Sum of 
Squares of 

Mean 
Square F-value p-value  

Model 0.5663 10 0.056 26300 <.0001  

A-power 0.0015 1 0.001 689.1 <.0001  

B-Speed 0.0003 1 0.000 125.7 < 0.0001  

C-Hatching 

Distance 

0.0000 1 0.000 10.7 0.0054  

D-Layer thickness 2.536E-06 1 2.536E-0 1.1 0.2961  

AB 0.0005 1 0.0005 233.8 < 0.001  

AC 0.0000 1 0.00 16.5 0.0011  

AD 2.154E-06 1 2.154E-06 1 0.3342  
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BC 1.112E-06 1 1.112E-06 0.51 0.4841  

BD 6.773E-06 1 6.773E-06 3.15 0.0979  

CD 0.0000 1 0.00 9.65 0.0077  

Residual 0.0000 14 2.153E-06    

Lack of Fit 0.0000 4 7.536E-06    

Pure Error 0.0000 10 0.00    

Cor Total 0.5663 24     

 
Based on Table 4.3 the experiment's findings used the dependable statistical method of ANOVA to 

investigate the impact of process elements. Components A, B, C, AB, AC, and CD had significant p-values (0.0500) 
indicating their influence. The strong model was demonstrated by the high F-value (26300.17). Close R2 values 
showed the ability to forecast (predicted: 0.9990, adjusted: 0.9999). Adeq Precision Ratio (420.915) was higher 
than the cutoff of 4, highlighting dependability. Complex associations were deciphered by ANOVA, giving 
insights from complex data. 

4.1.2 Response 2  

Table 4.4 Fit summary SED 

Source Adjusted R² Predicted R² Sequential p-
value 

Lack of Fit P-
value  

Linear 0.3903 0.3398 < 0.0001   
2FI 0.4875 0.3978 0.0053   

Quadratic 0.6993 0.6189 < 0.0001  Suggested 
Cubic 0.9250 0.8607 < 0.0001  Aliased 

 

4.1.3 Response 2: SED 

Table 4.5 ANOVA for the response surface quadratic model of SED 

Source Sum of 
Squares of 

Mean 
Square F-value p-value  

Model 781.59 11 71.05 821.85 0.0001 Significant 

A-power 0.9130 1 0.9130 10.56 0.006  

B-Speed 1.94 1 1.94 22.46 0.0004  

C-Hatching 

Distance 

13.27 1 13.27 153.5 0.000  

D-Layer 

thickness 

0.9344 1 0.9344 10.81 0.005  

AB 7.47 1 7.47 86.40 0.0001  

AC 15.96 1 15.96 184.5 0.0001  

AD 8.98 1 8.98 103.8 0.0001  

BC 0.4116 1 0.4116 4.76 0.0481  

CD 9.47 1 9.47 109.5 0.0001  

A² 3.11 1 3.11 36.01 0.0001  

D² 20.71 1 20.71 239.5 0.0001  

Residual 1.12 13 0.0865    

Lack of fit 0.2235 3 0.0745 0.827 0.5084  
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Pure Error 0.9005 10 0.0900    

Cor Total 782.72 24     

Model 781.59 11 71.05 821.85 0.0001 Significant 

 
The data is the result of a careful investigation of a statistical model that was probably created using 

regression analysis or experimental DoE. Model relevance is confirmed by a significant F-value of (821.85); 
specific models (A, B, C, D, AB, AC, AD, BC, CD, A2, D2) are supported by p-values of less than 0.0500. Small 
discrepancies are implied by an F-value of 0.83 which indicates a modest lack of fit. Model robustness is 
indicated by constant anticipated R2 (0.9921) and adjusted R2 (0.9973) values as shown in Table 4.5. Key data 
patterns are highlighted by a strong signal ratio (95.086). The model successfully captures changeable 
relationships, enabling comprehension and improvement. 

4.1.4 Response 3 

Table 4.6 Fit summary VED 

Source Adjusted R² Predicted R² Sequential p-
value 

Lack of Fit P-
value  

Linear 0.3144 0.2526 < 0.0001   
2FI 0.4715 0.3588 0.0004   

Quadratic 0.5906 0.4716 0.0003  Suggested 
Cubic 0.8116 0.6388 < 0.0001  Aliased 

 

4.1.5 Response 3: VED 

Table 4.7 ANOVA for the VED response surface quadratic model of VED 

Source Sum of 
Squares of Mean 

Square F-value p-value  

Model 27753.21 13 2134.86 19365.6 <0.0001 Significant 
A-power 37.03 1 37.03 335.9 0.0001  
B-Speed 219.58 1 219.58 1991 0.0001  

C-Hatching 
Distance 

93.01 1 93.01 843.7 0.0001  

D-Layer 
thickness 

0.1320 1 0.1320 1.20 0.2973  

AB 39.80 1 39.80 361.0 0.0001  
AC 35.74 1 35.74 324.2 0.0001  
AD 28.38 1 28.38 257.4 0.0001  
BD 25.37 1 25.37 230.1 0.0001  
CD 156.61 1 156.61 1420 0.0001  
A² 35.47 1 35.47 321.7 0.0001  
B² 63.59 1 63.59 576.8 0.0001  
C² 383.89 1 383.89 3482. 0.0001  
D² 150.77 1 150.77 1367. 0.0001  

Residual 1.21 11 0.1102    
Lack of fit 0.4926 1 0.4926 6.84 0.0258 Significant 
Pure Error 0.7200 10 0.0720    

 
The model's outcomes are significant, as shown by Table 4.7, and a strong F-value of 19365.60 suggests that 

they are likely significant. It should be noted that terms A, B, C, AB, AC, AD, BD, CD, A2, B2, C, and D are deemed 
significant if their Pearson correlation coefficients are lower than 0.0500. With the lowest residual error and 
fitting adequacy indicated by the lack of fit F-value of 0.258, the model also demonstrates a solid fit. The 
expected R2 of 0.9154 is very similar to the corrected R2 of 0.9999. The ratio of 520.778 indicates the presence of 
a strong signal. 
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Fig. 5 Desirability for optimum values of LED, SED, and VED vs speed & power 

4.1.6 Enhancing SLM Performance Through Response Surface Optimization and                            
Efficient Parameter Tuning with Desirability Plots 

Precision is crucial when trying to optimize the SLM process. To meet certain criteria, this study concentrated on 
three key goals: linear energy density, surface energy density, and volume energy density. ANOVA analysis 
demonstrated the significance of individual parameters by identifying the best combinations of process 
parameters for each target. Experimental validation of the findings highlighted performance increases. The 
graph used to evaluate desire showed that 0% desirability is produced by power and speed levels lower than 
300 and 850 mm/sec, respectively. On the other hand, when power is 200W and speed is 1400, attractiveness 
just slightly increases to 0.06.  

Desirability varies between 0.2 and 0.8 for powers above 300 and speeds below 1400. with a peak of 96.75, 
a speed of 1521, a power of 382W, desirability of 96.8%. Notable findings include the power's 300–400 range 
and speed's 1400–1600 range. In the study, predictions were also made using 3D surface graphs. For power 
versus speed, the projected value for linear energy density was 0.205 J/mm, whereas the predicted value for 
surface energy density was 9.86 J/mm2. The calculated volume energy density of 129.467 J/mm3 provides 
important information about the characteristics and behaviors of the materials. 

5. Artificial Neural Network 
A neural network is a machine that learns by using interconnected neurons or nodes in a layered structure that 
resembles the human brain it is also defined as an artificial neural network. A neural network can be trained 
using data. As a result, it can be trained to recognize shapes, classify the data, and predict future events. A neural 
network's input is divided into layers such as the human brain, which can be trained to recognize patterns in 
speech or images by exposing it to a variety of examples. Its behavior is determined by how its different 
components are attached, as well as the weights or strengths, of those interconnections. These weights are 
impulsively updated throughout training based on a training algorithm till the artificial neural network is 
completed. 

5.1 Levenberg-Marquardt 
This approach demands greater recollection but takes significantly less time. When generalization loses its 
ability to improve, training comes to a standstill. As shown by a deprivation in the mean square error of the 
validation samples. 
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 SAMPLES MSE R 

Training(blue) 25 2.63397e-1 9.98812e-1 
Validation (Green) 5 22.49229e-0 9.13338e-1 
Testing (Red) 5 18.04831e-0 9.75948e-1 

 
The sum of squared variance between outputs and targets is defined as Mean Squared Error. Smaller values 

are preferable. Zero means there is no error. The correlation between the targets and outputs is measured by  R 
values. A regression value of 1 denoted a nearer connection, while a regression value of 0 represents a random 
relationship. 

 
 

Fig. 7 Mean squared error with 1000 epochs 
 

 
Fig. 8 Gradient descent 
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Fig. 9 Training error using histogram 

 
 

 
Fig. 10 Regressions in the training window 
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Fig 7 represents the eighth epoch, the MSE (Mean square error) performance is 22.4. Fig 8 depicts gradient 
descent in the context of the learning training algorithm for the adjustment of neuron weights by evaluating 
the gradient's loss function. At epoch 14, the gradient value is 18.081 percent, and the correct check is 6. To 
avoid the training network from performing poorly on non-training, training is halted if validation 
performance degrades for the default value of 14 epochs. The Error histogram with 20 bins is shown in Fig 9. 
And is calculated as Error = Target-output. The regression percentage for training is 99 percent, validation is 
91 percent, and testing is 97 percent, as shown in Fig 10. 

5.2 Bayesian Regularization 
This algorithm is typically slower, but it can produce some good generalizations for noisy data, difficult, or small. 
Training is postponed due to adaptive weight depreciation (regularization). 
 

 SAMPLES MSE R 

Training(blue) 25 7.52699e-1 9.99999e-1 
Validation (Green) 5 0.00000e-0 0.00000e-1 
Testing (Red) 5 5.82805e-0 8.24768e-1 

 
 
 
 

 
 

 
 

 
 
 
 
 
 
 
 
 
 

 
 
 
 

 
Fig. 11 Mean squared error with 1000 epochs 
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Fig. 12 Gradient validation  

 

 
 Fig. 13 Training error using histogram 
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Fig. 14 Regression in the training window 

Fig. 11 depicts at the 1000 epoch, the MSE (Mean square error) performance is 75%. Fig.12 depicts gradient 
descent in the context of knowing the backpropagation algorithm for the adjustment of neuron weights by 
evaluating the gradient's loss function. At epoch1000, the gradient effective parameter value is 78.9 percent, and 
the number of valid checks is 6. To avoid the training network from performing poorly on non-training, training 
is delayed if validation performance degrades for the corresponding 1000 epochs. The Error histogram with 20 
bins is shown in Fig.13 and is calculated as Error = Target-output. The regression percentage for training is 
100%, validation is 82 %, and testing is 97 percent, as shown in Fig 14. 

5.3 Scaled Conjugate Gradient 
This algorithm necessitates a smaller amount of memory. When generalization decides to stop working to 
improve, as suggested by an extension in the mean square error of the validation samples, training automatically 
stops. 
 

 SAMPLES MSE R 

Training(blue) 25 8.90953e-1 9.96686e-1 
Validation (Green) 5 7.88878e-0 9.68914e-1 
Testing (Red) 5 4.09369e-1 9.28371e-1 
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Fig. 15 Mean squared error 

 
 

 
Fig. 16 Gradient descent 
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Fig. 17 Training error histogram with 20 bins 

 

 
Fig. 18 Regression in the training window 
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depicts the gradient descent in the context of knowing the backpropagation for the adjustment of the weight 
of the neurons by calculating the loss function of the gradient. At epoch 53, the gradient value is 51.14 

0

5

10

15

20

25

30

35

In
st

an
ce

s

Error Histogram with 20 Bins

-3
.4

55

-2
.9

23

-2
.3

91

-1
.8

59

-1
.3

27

-0
.7

94
5

-0
.2

62
5

0.
26

96

0.
80

16

1.
33

4

1.
86

6

2.
39

8

2.
93

3.
46

2

3.
99

4

4.
52

6

5.
05

8

5.
59

6.
12

2

6.
65

4

Errors = Targets - Outputs

Training

Validation

Test

Zero Error

0 20 40 60 80

Target

0

10

20

30

40

50

60

70

80

Ou
tp

ut
 ~

= 
1*

Ta
rg

et
 +

 0
.0

85

Training: R=0.99669

Data

Fit

Y = T

0 20 40 60 80

Target

0

10

20

30

40

50

60

70

80

Ou
tp

ut
 ~

= 
0.

98
*T

ar
ge

t +
 -0

.7
5

Validation: R=0.96891

Data

Fit

Y = T

0 20 40 60 80

Target

0

10

20

30

40

50

60

70

80

Ou
tp

ut
 ~

= 
1.

1*
Ta

rg
et

 +
 0

.2
8

Test: R=0.92837

Data

Fit

Y = T

0 20 40 60 80

Target

0

10

20

30

40

50

60

70

80

Ou
tp

ut
 ~

= 
1*

Ta
rg

et
 +

 0
.0

45

All: R=0.98987

Data

Fit

Y = T



374 Int. Journal of Integrated Engineering Vol. 16 No. 3 (2024) p. 358-375 

 

 

percent, and the number of valid checks is 6. To prevent the training network from performing poorly on 
non-training, training is halted if validation performance degrades for the default value of 14 epochs. The 
Error histogram with 20 bins is shown in Fig 17 and is calculated as Error = Target-output. The regression 
percentage for training is 99 percent, validation is 96 percent, and testing is 92 percent, as shown in Fig 18. 

6. Conclusion 
The ANOVA analysis is critical in determining the best processing variables needed to achieve increased energy 
density in Selective Laser Melting (SLM) components. These specifications consist of 383.18W power, 
1525.4mm/s scanning speed, and 0.050mm hatch spacing. In addition to improving energy density, this 
parameter combination forecasts LED, SED, and VED values of 0.206 j/mm, 9.685 j/mm2, and 129.46 j/mm3 
providing a quantitative method for enhancing mechanical performance in SLM and the desirability is 96.8%. 
The study emphasizes the critical importance of screening designs and the design of experiments (DoE) in 
revealing the intricate interactions among process variables. These approaches are used in the research to 
present a systematic approach that reveals complex variables that affect outcomes, improving comprehension 
and decision-making in a variety of applications, including additive manufacturing. The Artificial Neural 
Network (ANN) efficiently combines intricate parameters, precisely forecasts results, and streamlines difficult 
procedures. High R-values and a remarkable R-value of 97%, demonstrating alignment between anticipated and 
actual results, are evidence of its robustness, according to validation. The research's importance goes beyond 
SLM to include other manufacturing technologies, improving workflows and product quality through DoE, ANN 
modeling, and quality prediction. 
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