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Abstract 
 
Laser powder bed fusion (LPBF), a widely used metal additive manufacturing (AM) process, has diverse applications ranging from 
aerospace to biomedical, many of which require a comprehensive understanding of as-built surface topography to ensure that final 
parts meet their functional performance requirements, such as heat transfer efficiency and structural integrity. To optimize the 
performance of LPBF parts, functional tolerancing principles should be embraced, tailoring the relevant areal surface texture 
parameter specifications to the intended application. Meeting said specifications can be challenging, as a combination of 
interdependent process variables affects the surface topography of LPBF-produced parts. A significant gap remains in predictive 
modeling of surface texture: Existing studies rarely incorporate interaction or nonlinear effects of process variables, results are not 
always validated across a large process space, and simple roughness metrics (e.g., Ra, Sa) are primarily studied, overlooking more 
application-driven metrics (e.g., features, hybrid, functional, and spatial parameters). This study examines the surface texture of a 
large set of LPBF specimens, manufactured with varied laser power, scan speed, and hatch spacing. The ability of multiple models to 
predict surface texture is tested for a variety of parameters and filtering conditions. This work provides insights into the dependence 
of predictor significance on filter cutoff lengths. Additionally, this work shows the importance of not only the process variables of 
LPBF but also their interaction terms in producing a robust predictive model. Multiple possible predictive models for various areal 
surface parameters are also compared and contrasted.  
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1. Introduction    

Surface roughness is a crucial quality metric for any part, 
especially for parts produced with laser powder bed fusion 
(LPBF) due to its inherent roughness. Surface roughness of an 
LPBF part significantly impacts mechanical integrity, fatigue life, 
and tribological behavior [1–3]. Even with significant 
advancements, deterministic surface roughness analysis is still 
complex due to the stochastic behavior of LPBF surface 
topography [4,5].  

According to Rehme and Emmelmann's estimation, the LPBF 
process has over 130 process variables, of which about 13 are 
crucial to the properties of the final part [6]. According to Ferrar 
et al., these crucial variables include laser power, scan speed, 
hatch spacing, oxygen concentration during processing, 
scanning strategy, laser beam diameter, and layer thickness [7]. 

These process variables greatly influence the areal surface 
texture of as-built parts, particularly power, scan speed, and 
hatch spacing. Surface topography has been the subject of 
numerous studies that have examined the effects of these 
variables both separately and in combination. For example, Cao 
et al. [8] showed that the interaction between laser power and 
scanning speed causes the most notable adverse effect on 
surface roughness. Additionally, there is a positive contribution 
rate from the interaction of scanning speed and layer thickness 
on surface roughness, indicating that controlling these process 
variables can enhance surface quality [8]. According to 
Calignano et al., scanning speed was the most significant 
influence on the surface roughness of LPBF components [9]. 

Jiang et al. investigated how laser power, scanning speed, and 
hatch spacing affected surface roughness, hardness, and 
density. According to their findings, laser power was the most 
crucial factor affecting every property they looked at [10]. 
Across multiple industries, the arithmetic mean of surface 
roughness, Ra, is still the widely used surface parameter to 
characterize the inherent surface roughness [11]. Many prior 
studies have proposed empirically formulated linear regression 
models to predict Ra or its areal equivalent, Sa, as a function of 
power, laser, and/or scan speed [12].  

Though previous studies have reported regression coefficients 
as high as 98.9% [13], a significant research gap remains in the 
lack of model validation across multiple filter cutoff values, 
leaving the impact of scale changes on regression performance 
largely unexplored. Additionally, it is well established that 
roughness parameters such as Ra and Sa are insufficient to fully 
characterize the inherent surface features of as-built LPBF 
components [14]. Despite this, most existing literature focuses 
predominantly on Ra, Rq (the RMS average of roughness), Sa, or 
Sq (the areal RMS average) when examining the influence of 
process variables. For application-specific surface control, 
greater emphasis should be placed on other ISO 25178-2 areal 
parameters, including functional and hybrid metrics [15]. 
Moreover, the interaction effects among key process 
parameters—such as laser power, scan speed, and hatch 
spacing—are often neglected. This oversimplification restricts 
understanding of the complex mechanisms governing surface 
formation. The present study integrates scale-sensitive analysis, 
a broad range of areal parameters, higher-order interaction 
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modeling, and physically grounded interpretation within a 
robust factorial design framework to address these limitations. 

2. Methodology      

2.1 Manufacturing of LPBF specimens 

LPBF specimens were manufactured with a selected range of 
possible machine parameters to effect surfaces displaying a 
diverse range of ISO 25178-2 parameters [15]. Power, laser scan 
speed, and hatch spacing were varied to meet this objective, 
keeping all other controllable process variables nominally 
constant. 

Five levels of laser power, three levels of hatch spacing, and 
corresponding variations in three levels of scan velocities were 
selected to achieve volumetric energy density in the range of 60 
to 130 J·mm⁻³, which is known to yield sufficiently dense parts 
[16]. Table 1 presents the specific values of all the varied process 
variables of the specimen. These process variables were only 
varied for the final layer. 

Table 1: Values of the varied process variables for specimen 
blocks. 

Power 
(W) 

Hatch spacing (mm)  
0.11 0.15 0.20 

Scan velocity (mm/s) 

228 500, 600, 700 400, 500, 600 250, 310, 410 
285 600, 700, 960 600, 650, 700 310, 410, 500 

317 700, 960, 1200 600, 650, 700 410, 500, 600 
370 700, 960, 1200 650, 700, 960 500, 600, 700 

The individual specimens (shown in outlined yellow in Fig. 1) 
were fabricated on three super specimens (shown in outlined 
red in Fig. 1). Each super specimen was designed with a distinct 
hatch spacing, and each specimen had varying levels of power 
and scan speed, as specified in Table 1. Individual specimens 
measured 7 mm × 7 mm, while the super specimens were 53 mm 
× 29 mm. All three super specimens were built on a 101.6 mm × 
101.6 mm build plate. The overall height of a super specimen 
was 12.70 mm, and the individual specimen height was 7.16 mm 
from the pedestal. The specimens were manufactured with 
Nickel superalloy 625 (INCONEL-625). A commercial EOS M290 
machine at the NIST facility in Gaithersburg, MD, USA, was used 
to manufacture them.  
 
2.2 Surface metrology of LPBF specimens 

The additively manufactured specimens were characterized 
using a coherence scanning interferometer (CSI) (ZeGage Pro 
HD, Zygo Corp.). Surface parameters were computed using the 
integrated Mx™ software. A 5.5× Michelson objective yielded a 
lateral sampling interval of 1.47 µm/pixel and 2.50 mm × 1.88 
mm field of view (from camera). Multiple fields of view were 
stitched together with a 20% overlap and adaptive adjust, a sub-
pixel stitching algorithm to measure a single specimen. A 3×3 
Gaussian denoise filter was initially applied to the raw surface 
data to reduce measurement noise. Subsequent preprocessing 
included planar form removal and 3.2σ outlier elimination, 
where σ is the multiplier used in the sigma-clipping function to 
discard extreme height deviations. The resulting S-F surfaces— 
primary surfaces with form removed using the F-operation 
defined in ISO 25178-2—were subjected to high-pass robust 
Gaussian filtering with three different cutoff lengths (λc), 0.08 
mm, 0.25 mm, and 0.80 mm, as suggested by ASME B46.1-2019 
further analysis [17]. Measurements were acquired from a 3.50 
mm x 3.50 mm evaluation area from the center of the specimen 

to avoid local variations in surface texture near the rapid 
turnaround regions at the edges of specimens [18]. 

 
Figure 1. Positions and dimensions of the specimen and the master-
specimen: red region indicates a super specimen (53 mm x 29 mm), 
while yellow indicates an individual specimen (7 mm x 7 mm). 

 
2.3 Statistical analysis  

The process of empirical modeling started with choosing a 
functional application for the surface and the relevant areal 
surface parameters – heat transfer was used as a case study. Sdr 
(developed interfacial area ratio of the scale-limited surface), 
Sdq (root mean square gradient of the surface), Vmp (peak 
material volume), and Sk (core roughness depth) were 
parameters hypothesized to dictate surface heat transfer 
efficiency and were selected to be studied as the response 
variables. Then, the varied LPBF process variables and their 
interaction terms were initially used to fit a least squares model 
using JMP® Data Analysis Software, following the procedures 
outlined in the JMP documentation [19]. Once it was found that 
no reliable linear regression model could be produced, 
predictive modelling was used for the chosen areal surface 
parameters.  Before selecting the appropriate predictive model, 
the predictor screening feature in JMP was used to evaluate the 
significance of various predictors based on their potential to 
explain the response variable. This screening process employs 
bootstrap forest partitioning as its underlying methodology. In 
this approach, partition models are built using multiple 
predictors simultaneously, which enables the identification of 
variables that may have minimal individual effects but 
demonstrate significant influence when interacting with other 
predictors [20]. Once the significant predictors were identified, 
the surface parameter values for three different cutoffs were 
used in the model screening function of JMP software to identify 
which modeling approach was best suited to establishing a 
meaningful statistical relationship among the surface 
parameters and the process variables.   

3. Results and discussions 

The five above-mentioned areal surface texture parameters 
were first screened with eight predictors: power, velocity, hatch 
spacing, their interaction terms, and volumetric energy density 
(VED). Among the five areal parameters, Sa, Sk, and Vmp 
showed that interaction terms were essential in their prediction 
models. Interestingly, it was observed that the significant 
contributions of the predictors change depending on the applied 
cutoff lengths. For example, when a 0.80 mm cutoff length was 
used in the predictor screening of Sa, the major contributor was 
the interaction term of power and hatch spacing. When the 
cutoff length was 0.25 mm, the major model predictor changed 
to the interaction term of laser speed and hatch spacing, which 
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implies that stating whether a particular process variable or any 
interaction term of process variables is significant or not 
depends on the filter cutoffs and should not be generalized 
across different length scales. Only Sdr among the five areal 
parameters showed consistency of process variables and their 
interaction terms regardless of filter cutoff lengths, making Sdr 
a distinctive areal parameter for mathematical modeling. 

Among the independent process variables, hatch spacing and 
scan velocity were comparatively weak contributors for all five 
areal parameters across all different cutoff lengths (Figure 2). 

 Once significant predictors were chosen on a case-by-case 
basis for a combination of specific cutoff and areal surface 
parameters, they were used to model the surface parameters 
via model screening. Multiple models were investigated for 
model screening: neural boosted, partial least squares, 
generalized regression lasso, support vector machines, 
bootstrap forest, and boosted trees. Apart from the Sdq 
parameter’s value with 0.25 mm cutoff length and the Sk 
parameter’s value with 0.80 mm cutoff length, the neural 
boosted model showed the highest regression coefficient 
values, and the least root mean squared error among all other 
models. Bootstrap random forest was the best-performing 
model to predict the Sdq and Sk parameter values with 0.25 mm 
and 0.80 mm cutoffs, respectively. Table 2 shows the R² values 
for the areal surface parameters with the best-performing 
predictive model. For all the cases in Table 2 and all cutoffs, k-
fold cross-validation was performed, with 80% of the data used 
to train the model and 20% used to validate it. As the dataset 
utilized was relatively sparse (N=36) for multiple cases, the 
results presented herein should not be generalized conclusively 
until more data can be acquired for additional model training 
and validation. Across all surface parameters, the R² values were 
consistently higher for the training data than the validation 
dataset, indicating the limitation of the small sample size. The 
influence of the filter cutoff lengths on prediction accuracy was 
also observed, suggesting that the model's accuracy depends on 
the retained surface features after filtering. The current data set 
shows that among the five surface parameters analyzed, Sdr 

showed the best predictive performance at the 0.80 mm cutoff 
(R² = 90% training, 60% validation), highlighting the importance 
of large-scale surface features. Sdq demonstrated a steady 
increase in validation accuracy as the cutoff increased, peaking 
at 70% at 0.80 mm, despite its training R² declining, which 
suggests better generalization at coarser scales. A maximum 
validation R² of 74% at 0.80 mm and low training R² values 
throughout made it challenging to model Sk consistently, 
suggesting model instability. Sa displayed inconsistent patterns 
with declining training performance; its best validation R² (77%) 
at λc = 0.25 mm indicated better generalization at mid-scale 
filtering. Training and validation R² values (42–67%) are 
balanced and moderate. With moderate and balanced training 
and validation R² values (42–67%), Vmp was the most resilient 
across all cutoffs, suggesting scale-insensitive predictability. 

4. Conclusion       

This study demonstrated the influence of process variables 
and their interaction terms on areal surface parameters. It 
emphasized that predictors may be wrongly excluded if 
multiple surface filter cutoffs are not considered. The 
significance of LPBF process variables and their interactions 
varied with cutoff length. This work also extended predictive 
modeling to additional areal parameters beyond common ones 
like Ra and Sa. It highlighted the value of multiple model 

screening and filter cutoffs to capture LPBF’s complex process 
behavior and surface topologies. The limitation of this work is 
the sample size of the dataset; having a larger sample size would 
create a more meaningful or robust predictive model for the 
chosen areal surface parameters. Future work needs to be 
continued on this pursuit to capture as many individual process 
variables of LPBF as possible and their interaction terms to 
model various areal surface parameters so that the LPBF 
surfaces can be tuned with higher confidence according to their 
desired functionalities.  

 

Figure 2. Predictor contributions for the five areal surface parameters with three different filter cutoff lengths. 

 

 

 

 

Table 2: Coefficient of regression (R²) values for the five areal surface parameters across different filter cutoffs. R² values for Sk at the 0.08 mm cutoff and 
Sdq at the 0.25 mm cutoff were obtained using bootstrap random forest models. All other R² values correspond to predictions from the neural boosted 
network, identified as the best-performing model overall. 
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